Search for a jet-jet resonance associated with a W, decaying leptonically, with the ATLAS detector: application of a multiresolution analysis. by SPALLA, MARGHERITA
Universita’ degli studi di Pisa
Facolta’ di Scienze Matematiche Fisiche e
Naturali
Corso di Laurea Magistrale in Fisica
Anno Accademico 2012/2013
Tesi di Laurea Magistrale
Search for a jet-jet resonance associated
with a W {Z, decaying leptonically, with
the ATLAS detector: application of a
multiresolution analysis.
Candidata: Relatore:
Margherita Spalla Chiarissimo Prof.
Tarcisio Del Prete
Contents
Introduction 3
1 Theoretical overview: the Standard Model of particle physics 6
1.1 General concepts . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
1.1.1 The Higgs mechanism . . . . . . . . . . . . . . . . . . . . . 8
1.2 The lν-jet-jet final state . . . . . . . . . . . . . . . . . . . . . . . . 12
1.2.1 Expected Standard Model signals . . . . . . . . . . . . . . . 12
1.2.2 Physics beyond the Standard Model . . . . . . . . . . . . . . 14
2 The LHC and the ATLAS detector 16
2.1 The ATLAS detector . . . . . . . . . . . . . . . . . . . . . . . . . . 17
2.1.1 Tracking . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
2.1.2 Calorimetry . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
2.1.3 Muon Spectrometer . . . . . . . . . . . . . . . . . . . . . . . 21
2.1.4 Trigger . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
3 Selection applied to data 24
3.1 Object reconstruction . . . . . . . . . . . . . . . . . . . . . . . . . . 24
3.1.1 Muons . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
3.1.2 Electrons . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
3.1.3 Jets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
3.1.4 Missing ET . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
3.2 Object selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
3.2.1 Muon selection . . . . . . . . . . . . . . . . . . . . . . . . . 28
3.2.2 Electron selection . . . . . . . . . . . . . . . . . . . . . . . . 29
3.2.3 Jet selection . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
3.3 Event selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
4 Wavelet analysis: an introduction 37
4.1 The wavelet transform . . . . . . . . . . . . . . . . . . . . . . . . . 39
4.2 Wavelet transform calculation . . . . . . . . . . . . . . . . . . . . . 42
1
4.2.1 Choice of scales . . . . . . . . . . . . . . . . . . . . . . . . . 42
4.2.2 Normalization . . . . . . . . . . . . . . . . . . . . . . . . . . 43
4.2.3 Cone of influence . . . . . . . . . . . . . . . . . . . . . . . . 44
4.3 Quantitative results. . . . . . . . . . . . . . . . . . . . . . . . . . . 44
4.3.1 Background evaluation . . . . . . . . . . . . . . . . . . . . . 45
4.3.2 Significance level . . . . . . . . . . . . . . . . . . . . . . . . 45
4.3.3 Signal shape . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
5 Basic analysis features: examples with toy MonteCarlo 48
5.1 Signal shape . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
5.2 Background effects: flat background . . . . . . . . . . . . . . . . . . 50
5.2.1 Efficiency . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
5.2.2 Quantitative dependence on signal parameters . . . . . . . . 57
6 Exponentially decreasing background 70
6.1 Effects of an exponential background . . . . . . . . . . . . . . . . . 70
6.1.1 Background subtraction . . . . . . . . . . . . . . . . . . . . 74
6.2 Dependence on signal intensity . . . . . . . . . . . . . . . . . . . . 75
6.3 Efficiency and fakes rate . . . . . . . . . . . . . . . . . . . . . . . . 77
6.3.1 Confidence level . . . . . . . . . . . . . . . . . . . . . . . . . 82
7 Wavelet analysis of the jet-jet invariant mass spectrum 84
7.1 W {Z boson . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84
7.2 Results in the r100, 200s GeV mass region . . . . . . . . . . . . . . 85
7.2.1 Significance of the peak . . . . . . . . . . . . . . . . . . . . 95
7.2.2 Determination of signal parameters: calibration . . . . . . . 98
7.2.3 Calibration at fixed background: signal subtraction . . . . . 101
8 Search of new physics via the wavelet analysis 109
Bibliography 125
2
Introduction
In this thesis, a multi resolution analysis method has been used for the search
of resonances in the invariant mass spectrum of jet pairs produced in association
with a leptonically decaying W . The analyzed sample is part of the data taken by
the ATLAS experiment in proton-proton collisions at the energy
?
s “ 7 TeV, at
the Large Hadron Collider (LHC).
The lνjj channel can provide measures of interest for Standard Model physics.
Two jets resonances are expected in this mass spectrum: the diboson WW {WZ
and the associated production of an Higgs boson with a W .
Diboson contributes to this channel when the W boson decays leptonically and
the other W or Z decays into two jets, a measurement of this process cross section
would provide an important test of Standard Model physics.
The HW associated production is one of the most important Higgs boson’s pro-
duction channels at LHC, it contributes to the final state object of this analysis
via the leptonic decay of the W and the hadronic decay of the Higgs boson, dom-
inated, at this energy, by the H Ñ bb channel. The Higgs boson is a key feature
of the Standard Model theory and the measure of its branching ratios is of high
importance in testing the model.
The lνjj channel is also sensitive to possible evidence of new physics. Various
models predict exotic particles to decay in this channel, in this thesis a search for
new physics is performed keeping a model-independent approch.
Chapter 1 describe the main theoretical elements of Standard Model, focusing on
Higgs mechanism and Higgs boson properties. A simple overview of the main
processes of physics beyond the Standard Model that could contribute to the lνjj
channel is also presented.
The data used for this analysis have been acquired by the ATLAS experiment in
2011 and corresponds to an integrated luminosity of L “ 4.702 fb´1. Two inde-
pendent channels have been considered: the muon channel, in which the W decays
into a muon and a neutrino, and the electron channel, in which the W decays into
an electron and a neutrino.
A basic selection have been applied to data in both channels, selecting events with
a leptonically decaying W and applying some quality cuts on jets to reduce back-
3
ground.
In chapter 2 the main features of the Large Hadron Collider and the ATLAS ex-
periment are presented, while chapter 3 describes how physics objects (electron,
muon, jets, Emisst ) are reconstructed in ATLAS and presents the complete selec-
tion done to prepare the sampled to be analyzed via the multi resolution method.
A multi resolution approach has been used for the detection of small peaks with
poor signal to background ratio. The method is based on the wavelet analysis and
had been carefully tested before being applied to real data.
The wavelet analysis method has been developed for the search of localized struc-
tures in time series and found a large variety of applications in different fields.
Among them, data analysis in meteorology, geophysics, astrophysics and gravita-
tional wave experiments
It is based on the wavelet transform, computed by convoluting the time series with
a local function (wavelet function), depending on a scale parameter. By varying
the scale of the wavelet function, it is possible to separate structures of different
dimensions, allowing to recognize a physical signal from pure statistical fluctua-
tions.
The wavelet analysis method used in this thesis has been developed starting from
what proposed in [1] by C. Torrence and G. P. Compo. The wavelet analysis has
been applied to resonance search by replacing a time series of fixed step with the
binned invariant mass spectrum.
In chapter 4 an overview of wavelet analysis theory is presented and the main
features used in the method are defined.
In chapter 5 and 6, tests of the properties of wavelet analysis method are dis-
cussed. A very important task in this work has been the definition of a proper way
to extract quantitative results from the wavelet transform, this has been tested
numerically.
The wavelet analysis have been tested using toy MonteCarlo samples: the effi-
ciency and sensitivity of the method to signal parameters have been checked.
An important element is that wavelet analysis has been developed for the treat-
ment of data characterized by flat background, while in the samples object of this
analysis the background is sharply decreasing. The wavelet analysis method has
first been tested in the case of a flat background (chapter 5), to check its main
properties in the simpler case. After, the problem of a decreasing background has
been analyzed (chapter 6), defining the way in which the background would be
treated in the analysis and verifying that the method properties still holds in this
case.
The wavelet analysis was then applied to the data samples. Evidence of signal
at the Higgs mass has been observed in both muon and electron channel, this
evidence has been carefully checked and further work has been done to extract
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information on the number of signal events. Finally, the local significance of the
peaks have been evaluated.
The background in real data is far huger than that used in the first test, therefore
the analysis method had to be more carefully checked and adapted to the new
conditions. An alternative method (signal subtraction) has also been proposed.
The experimental results and the measurement of the number of signal events are
discussed in chapter 7.
Finally, the wavelet analysis has been applied to the search of evidence of new
physics. The method has been applied to the mass range mjj P r150, 500s GeV,
at higher masses, the statistic became too low and it was impossible to obtain
significant results.
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Chapter 1
Theoretical overview: the
Standard Model of particle
physics
In particle physics, all known elementary particles and their interactions (except
gravity) are currently described by a relativistic quantum field theory, the Standard
Model (SM).
Up to now, the Standard Model has met every experimental test and has recently
been confirmed by the discovery of the Higgs boson in 2012.
1.1 General concepts
The Standard Model is based on two families of spin-1
2
fermions (quarks and lep-
tons), both composed by six particles, and their corresponding antiparticles.
All the Standard Model fermions are represented as spinor fields (ψ) and described
by a free Lagrangian term of the form expressed by the equation (1.1). Equation
(1.1) represents the propagation of a massless particle, a mass term will be intro-
duced as a consequence of the so called Higgs mechanism.
Lf “ iψγµBµψ (1.1)
Interactions between elementary particles are derived requiring the Standard Model
fermion Lagrangian (1.1) to be invariant under local gauge transformations.
These transformations are globally represented by the gauge group of expression
(1.2). It is divided into subgroups that represent different symmeries.
SUp3qC b SUp2qL b Up1qY (1.2)
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The requirement of gauge invariance implies the existence of gauge fields and their
interaction with fermion fields.
In Standard Model, gauge fields generated by the group in (1.2) correspond to
the fundamental interaction fields (except gravity). Each gauge field represents a
spin-1 gauge boson, called the mediator of that particular interaction.
Given a certain symmetry group, the number of gauge fields associated to it and
their properties are defined by the group itself.
The symmetry also defines the Lagrangian term describing the interaction between
fermions and gauge bosons: it assumes different forms depending on the fields in-
volved, but it results to be always proportional to two fermion fields (ψ and ψ)
and a boson field (generically W µa ). Only the constant of proportionality, or cou-
pling constant, that determines the intensity of the interaction, is a parameter not
defined by the theory and has to be measured experimentally.
The fundamental interactions (strong, weak and electromagnetic) are then con-
nected with the subgroups of expression (1.2).
SUp3qC is the so called color symmetry, that concerns the quarks only and origi-
nates eight gluons, which are the mediators of the strong interaction.
The SUp2qLbUp1qY symmetry causes the electroweak interaction: it is mediated
by four gauge fields, three from SUp2qL and one from Up1qY . A linear combination
of these fields gives the four physical electroweak fields: the photon corresponds
to the electromagnetic field Aµ and ‘carries’ the electromagnetic interaction, while
the three bosons W˘ and Z are mediators of the weak interaction.
All the gauge bosons are described as free particles by a Lagrangian term of the
form expressed in equation (1.3), where W µi indicates a generic gauge field.
Lgauge “ ´14FiµνF µνi (1.3)
F µνi “ BµW νi ´ BνW µi ´ gfijkW jµW kν
The last term of equation (1.3) represents the interaction between gauge bosons.
The constants fijk are characteristic of the symmetry group: they are always zero
for abelian groups (e.g. Up1q) and fijk “ ijk for SUp2q. Practically, this means
that there are interactions between W˘ and Z bosons (and between gluons, since
both SUp2qL and SUp3q are non-Abelian) but not between photons.
A summary of Standard Model particle content is given in figure 1.1. More com-
plete discussions can be found, for example, in [2] or [3].
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Figure 1.1: Summary of Standard Model elementary particles.
1.1.1 The Higgs mechanism
In the Standard Model, gauge invariance requires all the particles to be massless,
while quarks, charged leptons1 and the W˘, Z bosons were experimentally mea-
sured to have nonzero masses.
In order to justify particle masses, the Higgs mechanism has been introduced.
It is assumed the existence of a complex scalar boson field Φ (the Higgs field),
adding to the SM Lagrangian the term (1.4). Here, the first term describes the
free propagation of the Higgs particle, while the second term is a potential char-
acterized by a nonzero minimum.
LH “ 1
2
BµΦ`BµΦ´ λ
2
4
pΦ`Φ´ v2q2 (1.4)
As for the fermion field, the first term of equation (1.4) must be invariant under lo-
cal gauge transformation. The gauge invariance requirement determines couplings
between the Higgs boson and gauge bosons.
Parametrizing the Higgs field in terms of its nonzero minimum, the Higgs-W cou-
pling spontaneously originates a mass term of W and Z bosons, depending on the
weak coupling constant and the parameter v.
The Higgs field is invariant under SUp3qC transformations, thus the local SUp3qC
invariance requirement is automatically satisfied and no coupling between Higgs
1Here the problem of neutrino mass is not discussed.
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and gluon fields exits: therefore gluons remain massless.
Similarly, when passing from the SUp2qL b Up1q gauge fields to the physical elec-
troweak fields via a liner combination, the Higgs field result to have zero coupling
with the electromagnetic field Aµ (i.e. zero electric charge), justifying the fact that
the photon is massless.
The fermions’ mass is also determined in terms of v, by adding opportune Higgs-
fermion interaction terms to the SM Lagrangian.
From this construction, it results that the couplings between Higgs and massive
particles are proportional to the particle mass; this is fundamental in the determi-
nation of Higgs production mechanisms and decay rates.
The potential term in equation (1.4) also determines the Higgs boson mass (mh “
λv): as it depends on both the unknown parameters λ and v, the Higgs mass is not
predicted by the SM theory. Many more considerations about Higgs mechanism
can be found at [3].
The detection and study of the Higgs boson [4] are one of the main purposes
of the Large Hadron Collider (chapter 2).
An Higgs boson can be generated from the hard interaction between two partons.
Different processes are involved, the most relevant ones (at the actual LHC ener-
gies) are represented in figure 1.2.
Figure 1.2: Feynman diagrams of main Higgs boson production mechanisms at
leading order. The V particle can be a W or a Z boson.The production of an
Higgs boson associated with QQ (bottom-right of the figure) is dominated by the tt
channel, since the Higgs-quark coupling is directly proportional to quark mass.
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Among these processes, the associated production (named Higgs-strahlung in fig-
ure 1.2) of the Higgs boson with a W or Z boson (generically called V in figure
1.2) is of particular interest for this thesis since it allows the detection of the Higgs
decaying into two jets and contributes to the lνjj final state. Further details are
given in section 1.2.1.
Table 1.1 summarizes the cross sections of processes in figure 1.2 at
?
s “ 7 TeV
and mH “ 126 GeV (as measured by ATLAS and CMS experiments).
Higgs production Cross section (pb)
gluon-gluon fusion 15.060`19.4%´15.1%
vector boson fusion 1.199`2.8%´2.4%
WH associated production 0.558`3.7%´4.3%
ZH associated production 0.308`5%´5.1%
ttH associated production 0.084`11.8%´17.8%
Table 1.1: Cross sections of main Higgs production processes at
?
s “ 7 TeV and
mH “ 126 GeV [5], [6].
As previously stated, Higgs boson has nonzero coupling with massive particles
only; therefore decay branching ratios (BR) are proportional to the mass of the
decay products, provided that Higgs boson mass is sufficient for the decay to be
kinematically allowed.
Higgs boson can also decay into massless particles (gluons and photons) with a
higher order process, of the same kind of gluon-gluon fusion for Higgs production.
The main Higgs boson branching ratios at mH “ 126 GeV are listed in table 1.2.
Of particular interest are the decay channels H Ñ γγ and H Ñ ZZ Ñ l`l´l1`l1´.
Despite their small branching ratios, they provide the clearest Higgs measurement
because of they are more precisely detected and are affected by fewer background
than other channels.
From measurements in these two channels, the Higgs particle has been discov-
ered on July 2012 by the ATLAS and CMS experiments at a mass of mh “
126 ˘ 0.4 pstatq ˘ 0.4psysq GeV2 [7],[8]. Up to now its properties result to be
compatible with Standard Model expectation.
Figure 1.3 shows the invariant mass plots in H Ñ γγ and H Ñ ZZ Ñ l`l´l1`l1´
channels, the Higgs peak is clearly visible.
2The reported mass is from the results of the ATLAS collaboration. CMS measured mH “
125.3˘ 0.4 pstatq ˘ 0.5psysq GeV
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(a)
(b)
(c) (d)
Figure 1.3: Invariant mass distribution for selected candidates in the combined?
s “ 7 TeV and ?s “ 8 TeV data samples from ATLAS (a),(b) and CMS (c),(d)
experiments. (a),(c): H Ñ l`l´l1`l1´ candidates compared to the background and
signal expectation. (b),(d): H Ñ γγ candidates: the result of a fit to the data of
the sum of signal and background components is superimposed.
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Higgs total width: Γ “ 4.18 ¨ 10´3 GeV
Higgs decay BR (Γi{Γ)
H Ñ bb 5.61 ¨ 10´1`3.3%´3.4%
H Ñ ττ 6.16 ¨ 10´2`5.6%´5.6%
H Ñ cc 2.83 ¨ 10´2`12.2%´12.2%
H Ñ gg 8.48 ¨ 10´2`10.1%´9.9%
H Ñ γγ 2.28 ¨ 10´3`4.9%´4.8%
H Ñ WW 2.31 ¨ 10´1`4.1%´4.1%
H Ñ ZZ 2.89 ¨ 10´2`4.1%´4.1%
Table 1.2: Branching ratios of main Higgs decays at
?
s “ 7 TeV and mH “ 126
GeV [5].
1.2 The lν-jet-jet final state
In this thesis, a multiresolution analysis method is applied to the detection of
small peaks in invariant mass spectrum. Such a technique could be useful for an
improvement of Higgs studies, allowing to measure Higgs decay channels which
have not been detected with conventional tools.
Another application is to use a multiresolution analysis tool for the search of new
resonances in invariant mass spectrum.
This analysis concentrates on the lνjj final state, applying multiresolution analysis
to the dijet invariant mass. Expected Standard Model signals are the semileptonic
decay ofWW orWZ (diboson) and associated production ofHW , with H decaying
into two jets. This channel is also sensitive to eventual evidence of physics beyond
the Standard Model.
1.2.1 Expected Standard Model signals
Diboson
A WW or WZ pair is produced by the hard interaction of two partons: the
processes involved are reported in expression (1.5) for WW and (1.6) for WZ.
q ` q Ñ W`W´ g ` g Ñ W`W´ (1.5)
12
q ` q1 Ñ W˘Z (1.6)
Diboson contribute to the lνjj final state with its semileptonic channel in which a
W decays into a lepton (electron, muon or τ) and a neutrino and the other W {Z
into a pair of quarks.
The measurement of WW {WZ production cross section in the semileptonic chan-
nel3 has been performed by the ATLAS collaboration [9]. The result is σWW {WZ “
72˘ 9 (stat.) ˘15 (syst.) ˘13 (MC stat.) pb, in good agreement with the predic-
tion of 63.4˘ 2.6 pb from the SM.
Higgs boson
As observed in section 1.1.1, one of the main channels of Higgs boson production
is the WH associated production (or Higgs-strahlung4), represented in figure 1.2
at the LO.
In this process, a virtual off-shell W (usually indicated as W ˚) is generated by a
qq interaction; the virtual W ˚ can then produce an on-shell W and a Higgs boson.
This process can contribute to the lνjj final state when W decays leptonically5
and H decays into two jets.
W leptonic branching ratios are summarized in table 1.3.
W`{W´ decay modes BR (Γi{Γ)
e`ν{e´ν p10.75˘ 0.13q%
µ`ν{µ´ν p10.57˘ 0.15q%
Table 1.3: Branching ratios for leptonic W decays [10].
Main Higgs boson decays contributing to H Ñ jj channel can be extracted from
table 1.2.
At mH » 126 GeV, the dijet Higgs decay is dominated by H Ñ bb. H Ñ gg and
H Ñ ττ BR are both one order of magnitude smaller than bb, while only a few
3Due to the jet energy resolution, it is impossible to separate the W and Z resonances in
the jet-jet invariant mass distribution. Therefore only the global WW {WZ cross section can be
measured in semileptonic channel.
4The name derives from the bremsstrahlung phenomenon, in which an electron looses it’s
energy by emitting a photon. Here, an off-shell W looses energy by emitting an Higgs boson:
despite the two processes are quite different, the name Higgs-strahlung is used to remind this
similarity.
5In this analysis, only muon and electron channels are considered, excluding W Ñ τν decay
because of the difficulties in τ detection and analysis.
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percent contribution comes from cc decay.
Analysis on the H Ñ bb and H Ñ ττ channels have been (and are still being)
performed by the ATLAS [11], [12] and CMS [13], [14] collaborations, but no signal
has been observed yet.
1.2.2 Physics beyond the Standard Model
Resonant production of two jets in association with a W gauge boson is also sen-
sitive to eventual new physics processes.
Various models of new physics predict decays into this final state. One of the most
common for dijets resonances is technicolor [15].
It was used to explain the resonance observed by CDF [16] in this channel in the
mass range 120-160 GeV (which was not confirmed by any other experiment) and
has been taken as a benchmark in other dijet resonance searches [17].
Techinicolor (the name includes various models) was originally elaborated to ex-
plain electroweak symmetry breaking without the necessity of introducing scalar
fields (i.e. alternative to the Higgs mechanism). It assumes the existence of a new
non-Abelian gauge group with properties similar to the color symmetry SUp3qC ,
for this reason named technicolor, and a set of new fermions coupled to it (tech-
nifermions).
A resonance in dijet mass spectrum could be the result of the decay of the lightest
technifermion: a common example is the process (1.7), where the technipion piT
and the technirho ρT are the lightest technifermions, with properties similar to the
usual pi and ρ mesons.
ρ
0p˘q
T Ñ Wpi0p˘qT Ñ lνbb plνbcq (1.7)
Other examples of non-Standard Model theories that can contribute to this channel
are extra-dimensions (lνjj as the result of the decay of a graviton) or some Higgs
models, predicting additional Higgs-like particles.
A common example of the latter case is the Higgs-related part of the Minimal
Supersymmetric extension of the Standard Model (MSSM) [18]. A full discussion
of this model is beyond the purposes of this work, it is sufficient to observe that
MSSM predicts five physical Higgs particles: one charged Higgs pair, H˘, one
CP-odd scalar, A, and two CP-even states, H and h.
The lightest Higgs scalar h, should have the same behaviour of SM Higgs (except
for coupling constants that can differ).
These particles couples both with W and quarks, although the coupling varies (and
eventually vanishes) depending on MSSM parameters. Therefore, both associated
production and dijet decay of non-SM Higgs particles are predicted by this theory.
This can imply both an anomalous coupling of the already detected Higgs boson
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and the presence of other resonances at higher mass.
In this thesis, the analysis concentrates on the search of eventual new resonances
in the mass spectrum. A search method based on multiresolution analysis has
been planned. Therefore, the analysis has to be completely model-indipendent
and focuses on the determination of the correct significance level for any signal
eventually found. Hypotesis on the nature of eventual resonances will be left to
further study.
On the other hand, if nothing is found, no attempt to put limits on specific models
parameters will be done.
Searches for dijet resonances in association with leptonically decaying W have been
already performed by the ATLAS collaboration; the invariant mass range between
130 and 300 GeV has been investigated via the standard ‘bump-hunter’ algorithm
used in ATLAS.
No significant excess over the Standard Model prediction has been observed [17].
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Chapter 2
The LHC and the ATLAS
detector
The Large Hadron Collider (LHC) at CERN is a 27 km long circular accelerator,
designed to provide 14 TeV proton-proton collisions at an expected luminosity of
1034 cm´2 s´1. At lower beam energies, the LHC is also able to collide heavy ions.
Proton beams (divided in consecutive bunches) are bent along the accelerator ring
by 1232 superconducting magnets and collide in four interaction points where the
four main LHC experiments (ATLAS, CMS, LHCb and ALICE) are located. [19]
The LHC was completed in 2008, but effectively started taking data only in 2010,
at a center of mass energy of 7 TeV. Data acquisition continued during 2011 (still
at 7 TeV) and 2012 (
?
s increased to 8 TeV). At the beginning of 2013 LHC was
shut down for an upgrade period to be ended in 2015.
The analysis presented here has been performed on a 2011 pp collision dataset,
with an integrated luminosity of 4.702 fb´1.
Figure 2.1 shows the online luminosity delivered to ATLAS during the data acqui-
sition periods.
At the LHC, high luminosity is needed to be able to detect rare high energy pro-
cesses as Higgs boson production or eventual new physics. However, the increasing
of instantaneous luminosity causes an increasing in pile-up, due both to multiple
interactions during the same bunch crossing and to proton collisions occurring in
bunch crossings before or after the triggered one.
This causes an enormous flux of particles, the most of which are not physically
interesting. The necessity of precisely detecting rare events in this conditions re-
quires detectors with fast electronics and sensor elements, and a high granularity
to reduce the influence of overlapping events.
The high amount of particles hitting the detectors also requires their elements to
have an high resistance to radiation.
More generally, high resolution and robust reconstruction are essential require-
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ments for detectors at LHC, as well as a full η coverage for good measurements
of jets and EmissT . Finally, an highly efficient triggering with sufficient background
rejection is needed to achieve an acceptable trigger rate for most physics processes
of interest.
In the following, an overview of main ATLAS detector features will be presented.
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Figure 2.1: Cumulative luminosity versus day delivered to ATLAS during stable
beams and for p-p collisions. This is shown for 2010 (green), 2011 (red) and 2012
(blue) running. The online luminosity is shown. [20]
2.1 The ATLAS detector
ATLAS (A Thoroidal LHC ApparatuS) [21] is a multi-purpose particle detector
designed to measure the largest variety of physic processes. Its first targets are
the Higgs boson search and studies, but it is meant to be sensitive to any eventual
effect of new physics. It is composed by different sub-detectors, providing efficient
identification and reconstruction of all the physics objects used in oﬄine analysis.
The ATLAS detector (figure 2.2) has a cylindrical shape, it is 44 m long and has
a diameter of 25 m. Five regions are defined: the barrel region, along the z-axis,
the two lateral end-caps and the two forward regions close to the beam axis.
Conventionally, the nominal interaction point is defined as the origin of a right
handed coordinate system; the z-axis is defined by the beam direction while the
x-axis points to the center of the LHC ring and the y-axis points upwards. Position
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Figure 2.2: Cut-away view of the ATLAS detector. The dimensions of the detector
are 25 m in height and 44 m in length. The overall weight of the detector is
approximately 7000 tonnes. [21]
is usually expressed in spherical coordinates, replacing the polar angle θ (i.e. the
angle from the beam axis) with the pseudorapidity η “ ´ln(tan(θ{2)).
Distances between physic objects are usually calculated in the η ´ φ coordinates;
in the following, the radius R or ∆R is defined as: ∆R2 “ ∆φ2 `∆η2.
Different sub-detectors are disposed at increasing radius; from inside to outside,
there are the tracking system, a superconductive solenoid, the calorimeters and the
muon spectrometer surrounded by toroid magnets. The magnet system is essential
to measure particle momenta.
2.1.1 Tracking
Reconstrucion of particle trajectories, essential for momentum and vertex measure-
ment and particle identification, is provided via three tracking devices composing
the Inner Detector (ID), represented in figure 2.3. It is placed inside a 2T solenoidal
magnetic field in the most internal part of ATLAS.
The high amount of particles emerging from the collision point creates a very
large track density in the ID and exposes it to the highest radiation. Therefore, to
achieve high resolution requirements, the ID is designed to have fine granularity
and high radiation resistance.
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Furthermore, low thickness id required to reduce particle energy loss and multiple
scattering.
Figure 2.3: Cut-away view of the ATLAS Inner Detector. [21]
The tracking system is composed by a Pixel Detector, a Silicon Microstrip Tracker
(SCT) and a Transition Radiation Tracker (TRT).
The precision tracking detectors (pixels and SCT) cover the region |η| ă 2.5. In
the barrel region, they are arranged on concentric cylinders around the beam axis
while in the end-cap regions they are located on disks perpendicular to the beam
axis.
The highest granularity is achieved around the vertex region by the silicon pixel
detectors: there are three layers of pixel detectors providing three space points for
trajectory extrapolation, with a resolution σR´φ ˆ σz “ p10ˆ 115q µm2.
At bigger radius, the SCT is composed by four layers, each one divided into two
sub-layers of 6.4 cm long silicon strips with a pitch of 80 µm. In each layer, one
set of strips is parallel to z-axis (in the barrel region) or radial (in the end-caps),
while in the second sub-layer the strips have an angle of 40 mrad with respect to
strips in the first sub-layer, in order to measure both coordinates.
This system provides four more space points with a resolution of σR´φ ˆ σz “
p17ˆ 580q µm2.
Finally, the TRT provides a large number of hits (typically 36 per track) and en-
ables track-following up to |η| “ 2.0, but it measures only R ´ φ coordinates.
It is formed by straw tubes filled with gas mixture of 70% Xe, 27% CO2 and 3%
O2; the straws are disposed in 73 planes parallel to the beam axis in the barrel
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region while they are arranged radially in 160 wheels in the end-caps.
The resolution in R ´ φ is σR´φ “ 130 µm.
The TRT is also designed to be able to distinguish transition radiation photons
from minimum-ionising charged particles, contributing to electron identification.
2.1.2 Calorimetry
ATLAS calorimetric system provides particle energy measurements; it is designed
to have good resolution for high-energy jets and EmissT . These tasks require a large
η coverage (ATLAS calorimeter system extends up to |η| ă 4.9) and a thickness
sufficient for good containment of electromagnetic and hadronic showers.
ATLAS electromagnetic calorimeter, surrounding the magnetic solenoid, measures
electrons and photons energy and has a total thickness ą 22 radiation lengths
(X0) in the barrel and ą 24 X0 in the end-caps. The hadronic calorimeter encloses
the electromagnetic calorimeter and is used to detect hadrons; its total thickness
is approximately 9.7 interaction lengths (λ) in the barrel (10 λ in the end-caps).
The whole calorimeter system is shown in figure 2.4.
Figure 2.4: Cut-away view of the ATLAS calorimeter system. [21]
The electromagnetic calorimeters are liquid argon (LAr) sampling detectors
with accordion-shaped kapton electrodes and lead absorber plates, providing a full
coverage in φ.
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The LAr calorimeter is divided into a barrel part (|η| ă 1.475) and two end-cap
components (1.375 ă |η| ă 3.2), and it has several active layers in depth. In the
region covered by the Inner Detector (|η| ă 2.5) there are three layers in depth and
the inner one is finely segmented in η, allowing accurate precision measurements.
Furthermore, in the region |η| ă 1.8 the electromagnetic calorimeters are comple-
mented by presamplers, an instrumented argon layer, which provides a measure-
ment of the energy lost due to passive material in front of the electromagnetic
calorimeters.
The energy resolution for electrons is σE?
E
“ 10%
E
‘ 0.7%.
The hadronic calorimetr system is composed by different detectors in dif-
ferent |η| regions. The barrel region (|η| ă 1.7) is covered by the Tile Calorimeter
(TileCal); it is a sampling calorimeter using steel as absorber and scintillating tiles
as active material.
Groups of scintillating tiles define a cell. The calorimeter is segmented in cells
both in eta and in radial direction. In this way energy clusters (jets) are measured
in direction and energy. Both sides of scintillating tiles of each cell are read out
by wavelength shifting fibers into two separate photomultiplier tubes.
The Hadronic End-cap Calorimeter is a LAr-copper sampling calorimeter, located
directly behind the end-cap electromagnetic calorimeter and covering the region
1.5 ă |η| ă 3.2.
Globally, the design energy resolution for hadrons is σE?
E
“ 50%
E
‘ 3%.
The forward calorimeter (fCal) covers the region 3.1 ă |η| ă 4.9, charac-
terized by intense radiation; this influence the design of fCal which is composed
by a first copper layer optimized for electromagnetic measurement and other two
layers, made of tungsten, measuring mainly the energy of hadronic interactions.
The active medium is LAr.
fCal resolution on jet energy is σE?
E
“ 100%
E
‘ 10%.
2.1.3 Muon Spectrometer
The outer part of ATLAS experiment is occupied by the muon spectrometer and
the external magnets (figure 2.5). A muon spectrometer is necessary because high
energy muons behave as minimum ionizing particles in the calorimeters, therefore
they are not stopped and their energy is not satisfactorily measured.
Muons are detected separately by trigger and high-precision tracking chambers;
momentum measurement is made possible by the magnetic field produced in the
large superconducting air-core toroid magnets (a larger one in barrel region and
two smaller ones in end-caps). Information from inner and outer detectors are
successively combined in determining muon momentum.
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Figure 2.5: Cut-away view of the ATLAS muon system. [21]
There are three layers of high-precision chambers, covering the region |η| ă 2.7.
Monitored Drift Tubes (MDT) compose the two outer layers, while in the inner-
most layer Cathode Strip Chambers (CSC) with higher granularity are used over
2 ă |η| ă 2.71.
MDT’s consist of three to eight layers of drift tubes, measuring the coordinates in
bending plane (R´ η) with an average resolution of 80 µm per tube, or about 35
µm per chamber.
The CSCs are multiwire proportional chambers with cathode planes segmented
into strips in orthogonal directions; this allows both coordinates to be measured.
The resolution of a chamber is 40 µm in the bending plane and about 5 mm in
the transverse plane.
To allow good momentum resolution, a high-precision optical alignment system
monitors continously the positions and internal deformations of the MDT cham-
bers.
The |η| ă 2.4 region is also covered by Resistive Plate Chambers (RPC) and Thin
Gap Chambers (TGC); they are designed to provide a very fast response and are
used as trigger system. They also provide a measurement of the muon coordi-
nate in the φ direction, orthogonal to that determined by the precision-tracking
chambers.
1MDT are still used in the |η| ă 2 region of the innermost layer.
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2.1.4 Trigger
The Trigger and Data Acquisition (TDAQ) systems are designed to select and
store the physically interesting events.
The trigger system has three distinct levels: L1, L2, and the event filter (EF). Each
trigger level refines the decisions made at the previous level and, where necessary,
applies additional selection criteria.
The trigger system is configured via trigger menues which define trigger chains. A
sequence of reconstruction and selection steps for specific objects is specified by a
trigger chain which is often referred to simply as a trigger. Triggers used in these
thesis will be presented in chapter 3.
The first level makes a decision in less than 2.5 µs, reducing the rate to about 75
kHz. It searches for high transverse-momentum muons, electrons, photons, jets,
and τ -leptons decaying into hadrons, as well as large missing and total transverse
energy.
L1 employes only a limited amount of the total detector information: trigger cham-
bers in the spectrometer are used to detect high transverse-momentum muons,
while calorimeter selections are based on reduced-granularity information from all
the calorimeters.
In each event, the L1 trigger also defines one or more Regions-of-Interest (RoI’s),
i.e. η and φ coordinates of those regions where L1 selection process has identified
interesting features.
Events passing the L1 are then processed by L2: it reduces the trigger rate to
approximately 3.5 kHz, with an event processing time of about 40 ms. The L2
selection is seeded by the RoI information provided by the L1 trigger; all the
available detector data within the RoI’s are used at full granularity and precision,
performing stricter selection cuts.
Finally, the EF reduces the event rate to roughly 200 Hz. Its selections are im-
plemented using information from the whole detector and applying oﬄine analysis
procedures within an average event processing time of the order of four seconds.
Events passing the EF are stored and available for oﬄine analysis.
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Chapter 3
Selection applied to data
In this thesis, multi scale wavelet analysis is applied to the search of a dijet reso-
nance in association with a leptonically decaying W boson.
The data sample to be analyzed with this method is obtained by applying standard
cuts over a 4702 pb´1 proton-proton collision dataset, recorded in 2011 at
?
s “ 7
TeV.
The selection used has been developed for diboson cross section measurement in
semileptonic channel [9]. Some specific cuts have been excluded, to apply wavelet
analysis at a more inclusive level.
This chapter concentrates on data selection: section 3.1 summarize the method
used for object reconstruction in ATLAS, sections 3.2 and 3.3 present the selection
done for this thesis.
3.1 Object reconstruction
The reconstruction of physics objects (electrons, muons, jets, EmissT ) starting from
raw data is performed via different algorithms depending of the particular ob-
ject and the analysis’ requirements [21]. This section focuses on reconstruction
algorithms by which the objects used in this thesis are produced.
3.1.1 Muons
Muons [21], [22] used in this thesis (conventionally named combined muons) are
reconstructed from the combination of a muon-spectrometer track with an inner-
detector track. The reconstruction is performed over the range |η| ă 2.5, defined
by the inner-detector acceptance.
Muon tracks are reconstructed in the Muon Spectrometer, combining straight
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track-segments. Segments are built separately for each muon chamber, starting
from ‘regions of activity’ defined by trigger chambers.
The reconstructed track is then propagated back to the interaction point and the
momentum is corrected for the energy loss in the calorimeters and in the inner
detector.
Tracks in the ID are independently reconstructed with the same procedure and
then matched with those from the muon spectrometer.
Combined muon momentum is the weighted mean of momenta measured by the
ID and the MS.
Reconstruction efficiencies for leptons are extracted from real data. Muon recon-
struction efficiencies are approximately Á 95% depending on η and pT .
3.1.2 Electrons
Electron reconstruction [21], [23] is based on information from electromagnetic
calorimeter and inner detector. After reconstruction, electron candidates are iden-
tified applying further cuts; three level of identification are provided.
Reconstruction
Electrons are reconstructed searching for a window of pre-defined η´φ dimension
in the second layer of electromagnetic calorimeter (named seed cluster), with a
transverse energy ET ą 2.5 GeV.
Seed clusters matching an ID track are accepted as electron candidates and their
momentum reconstructed from calorimeter and tracker information. In particular,
electron energy is extracted from calorimeter clusters, while momentum direction
(η and φ) is the one measured by the tracker.
Electron reconstruction efficiency varies between 90 and 95%. An exception is the
transition region (1.37 ă |η| ă 1.52) between the barrel and end-cap electromag-
netic calorimeters, where reconstruction is more inefficent; the transition region is
excluded in this analysis.
Identification
Electron identification is necessary to reject clusters originating from photons or
hadrons.
Three levels of electron identification are provided: loose, medium, tight. Each
identification level apply tighter (and more) requirements than the previous one.
For 2011 analysis these level have been updated in loose++, medium++, tight++.
loose++ cuts are based on simple shower-shape requirements, loose track-quality
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cuts and track-cluster matching.
medium++ tighten the loose++ cuts and adds the information from the first layer
of EM calorimeter (important because of its high granularity).
tight++ is the identification level used for this thesis. It has tighter shower-shape,
track-quality and track-cluster matching cuts; it applies also requirements on the
energy over momentum ratio and on the impact parameter with respect to the
primary vertex.
tight++ identification provides efficiencies slightly smaller than 80%.
3.1.3 Jets
Jets origin from hadronisation of quarks or gluons produced in hard interactions.
Jet reconstruction [21], [24] is therefore necessary to measure physics properties of
final state partons.
In ATLAS, jets are reconstructed starting from calorimeter clusters, named topo-
logical clusters or topoclusters. Topoclusters are built by collecting neighboring
calorimeter cells which have significant signal-to-noise ratio; they are then pro-
cessed by an algorithm which groups them to reconstruct jets.
Several jet-reconstruction algorithms exists; in this thesis, the Anti-kt algorithm
[25] is used.
The Anti-kt evaluates the distance dij between two clusters, defined by expression
(3.1), where R is a distance parameter (here R “ 0.4), ∆R2ij “ pyi´yjq2`pφi´φjq2
and yi and ET i are respectively the rapidity and transverse energy of the i-th ob-
ject.
dij “
#
minpE´2T i , E´2Tj q ¨ ∆R
2
ij
R2
if i ‰ j
E´2T i if i “ j
(3.1)
The algorithm minimize dij with respect to i, j. If the minimum distance is for
i “ j, then the i-th object is considered as a jet and excluded from further pro-
cessing; otherwise i-th and j-th objects are combined in a single object, whose
four-momentum is the sum of the four-momenta of components. After recursive
processing, a list of jets is obtained.
After reconstruction, jet energy must be carefully evaluated.
At this level, jet energy calibration is based on EM scale, defined with electrons
and muons during test-beam. No corrections are provided for calorimeter non-
compensation1 and energy losses in uninstrumented material.
1A non compensating calorimeter has a response to electrons larger than to hadrons of the
same energy. This is because several reactions in the hadronic showering produce ‘invisible’
energy (nuclei excitation and break-up, production of muons that escape the calorimeter, etc.)
[26].
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Therefore, the four-momentum of reconstructed jets must be corrected before they
can be used. In this thesis, a calibration scale factor is applied before jet selection.
Among reconstructed jets, there is also a fraction of bad jets, which are not asso-
ciated with real energy deposits in calorimeters: they can be the consequence of
various effects, e.g. hardware problems or cosmic-ray showers.
In ATLAS, four levels of jet quality are defined: looser, loose, medium, tight ; the
level definition is based on quality cuts on LAr conditions, jet η, and jet compo-
sition cuts (e.g. jet charged fraction or jet electromagnetic fraction). The looser
cleaning criteria are those providing the lowest rejection.
The hight pile-up also affects jet measurements. Particles from pile-up can be
included in jets, modifying their energy, or jets produced in pile-up interactions
can be added to the event.
In this analysis, a cut is applied to Jet Vertex Fraction (JV F ) to minimize the
contamination from pile-up (for the meaning of JV F see section 3.2.3).
3.1.4 Missing ET
Missing transverse energy (EmissT ) is used to detect events having a neutrino in
their final state.
EmissT is defined as the sum of transverse energy of all physical objects in the event
changed by sign and it is ideally expected to be equal (in the case of an event with
a single neutrino) to neutrino’s transverse momentum.
In ATLAS, EmissT [21], [27] is built by summing up the measured energy of physics
objects. For muons, the energy taken as EmissT component is obtained from com-
bining MS and ID information and corrected for energy loss in calorimeter; for
electrons, photons and hadrons, energy from calorimeter clusters is used.
As mentioned before, jets energy must be corrected before the analysis is per-
formed. This corrections obviously affects the EmissT , which must then be rebuilt
after calibration, starting from physical objects available in the dataset.
3.2 Object selection
In the following, the selection which was applied to data in this analysis is pre-
sented. Being essentially a standard basic selection, the cuts applied are described
in a schematic way, to provide a clear explanation of how the data sample has
been obtained.
The actual event selection will be described in next section. This section focuses
on object selection: the physical objects (i.e. muons, electrons and jets) passing all
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the following criteria will be defined as good objects and will be used in successive
analysis.
Before any selections, object energy has been calibrated if necessary (see section
3.1).
3.2.1 Muon selection
Combined muons: as previously mentioned, combined muons are used in this
analysis, i.e. their reconstruction must have successfully combined a full
track in the MS with a full track in the ID.
Trigger and pt cut: in this thesis an unprescaled
2 trigger chain is used; it is
based on MS trigger information and requires a single muon with pT ą
18 GeV. The actual trigger name is EF mu18 MG, which can change to
EF mu18 MG medium depending on the data period3, both these triggers
have the features described above.
Trigger efficiency is pT -dependent: to restrict the analysis to the ‘plateau’
region of trigger efficiency, muon transverse momentum is required to be
pT ą 25 GeV (figute 3.1).
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Figure 3.1: Transverse momentum of muon candidate, obtained with a subsample
of the dataset used for this thesis. All the muon selection, except the cut on pT ,has
been applied.
Track quality cuts: requirements on the muon track reconstruction are applied
to reduce mis-identifications and improve muon momentum resolution.
2In an unprescaled trigger, all events passing the trigger are recorded.
3A period is a set of successive LHC runs with common conditions.
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Track |η|: muon candidates must satisfy |η| ă 2.4.
Impact parameter: muon candidates must be consistent with originating from
the primary vertex, in order to reject muons originating from cosmic ray
interactions or heavy flavor decay. Two cuts are applied:
• the transverse impact parameter significance must be |d0{
a
σpd0q| ă 3;
• the impact parameter along the beam direction must be z0 ă 1 mm.
Isolation: candidates must be isolated; isolation is required using both tracking
and calorimeter information.
• The sum of pT carried by tracks inside a cone of radius R “ 0.3 around
the muon track must be less then 15% of muon pT :
ř
∆Ră0.3pptrackT q{pT ă
0.15.
• The sum of ET collected in calorimeter cells inside a cone of R “ 0.3
around muon direction, corrected for the pile-up contribution, must be
less then 14% of muon pT :
ř
∆Ră0.3pEcorrT q{pT ă 0.14
3.2.2 Electron selection
Electron identification and quality: good electrons are selected among elec-
tron candidates reconstructed via the standard cluster-based algorithm and
satisfying the tight++ identification criteria. The quality of the electron
object is checked to reject electrons whose clusters include problematic cells.
Trigger and pt cut: Electron triggers used for this thesis are: EF e20 medium,
EF e22 medium and EF e22vh medium1. They are used for different data
periods and no more than one of them is ever applied to the same event. They
are all single-electron unprescaled triggers, requiring medium identification
and the electron ET to be greater then 20 or 22 GeV
4, depending on the
data period.
To be within the trigger efficiency plateau, a transverse momentum cut (pT ą
25 GeV) is applied (figure 3.2).
Track |η|: electron candidate must satisfy |η| ă 2.47. The calorimeter transition
region 1.37 ă |η| ă 1.52 (section 3.1.2) is excluded from the acceptance
range.
4The ET threshold is indicated in the trigger name by the expression ‘ eX ’, where X is the
threshold in GeV.
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Figure 3.2: Transverse momentum of electron candidate, obtained with a subsample
of the dataset used for this thesis. All the electron selection, except the cut on
pT ,has been applied.
Impact parameter: two cuts are applied to reject electron candidates not con-
sistent with the primary vertex.
• the transverse impact parameter significance must be |d0{
a
σpd0q| ă 10;
• the impact parameter along the beam direction must be z0 ă 1 mm.
Isolation: both tracking and calorimeter isolation is required.
• The sum of pT carried by tracks inside a cone of radius R “ 0.3 around
the electron track must be less then 14% of muon pT :
ř
∆Ră0.3pptrackT q{pT ă
0.14.
• The sum of ET collected in calorimeter cells inside a cone of R “ 0.3
around electron cluster, corrected for the pile-up contribution, must be
less then 13% of muon pT :
ř
∆Ră0.3pEcorrT q{pT ă 0.13
3.2.3 Jet selection
Jets reconstruction and quality: as previously mentioned, jets used in this
analysis are reconstructed from topoclusters via the Anti-kt algorithm with
the parameter R “ 0.4.
Jets are also required to pass looser quality criteria.
It must be pointed out that the information about the quality levels passed
by each jets is listed in n-tuples: actually, jet quality levels are defined in
terms of jet ‘badness’ i.e. using the inverted cuts. Therefore the application
of looser quality criteria is performed by rejecting jets that pass the so called
‘bad looser ’ level.
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Jet |η| and pT : only jets with pT ą 25 GeV and |η| ă 2.8 are considered.
Pile-up rejection: Jets from pile-up interactions are rejected requiring JV F ą
0.75. The Jet Vertex Fraction (JV F ) is defined as the fraction of transverse
momentum carried by tracks associated to the jet which are also generated
from the primary vertex of the considered event. The higher is the value of
JV F , the lower is the expected pile-up contamination.
Electron-jet overlap removal: a cut must be applied to avoid overlap between
jets and energy deposits which are due to leptons5. In this analysis, jet
selection is applied to events having one single good lepton (see next section);
therefore, the overlap removal is provided by a cut on the distance in η ´ φ
between the jet and the selected lepton: ∆Rpj, lq ą 0.5.
3.3 Event selection
In semileptonic channel the W Ñ lν decay is used to trigger dijets events to be
analyzed. Therefore, the event selection is performed first by selecting W Ñ lν
events, then adding some requirements on the jets that will be used to build the
invariant mass distribution.
The event selection is performed in two independent channels: in the electron
channel a W Ñ eν decay is required, while in muon channel the trigger proces is
W Ñ µν.
The cuts listed in the following are the same for the two channels if not specified
otherwise.
W Ñ lν event selection
Events are firstly pre-selected applying cuts on event quality.
1. Data must have been acquired in stable beam conditions. A list of dataset
corresponding to acquisition periods in which the beam conditions and de-
tector conditions are stable is constructed oﬄine. To be analyzable, dataset
are required to belong to such a list6.
2. Events with large noise bursts and data integrity errors in the Liquid Argon
calorimeter are discarded. Furthermore, in a large part of the events, the
5One of the reasons is that, in ATLAS datasets, electron clusters are also included in the list
of jets.
6The list of runs with stable detector and beam conditions is named ‘Good Run List’, details
are given by ATLAS web resources.
31
LAr has a non-sensitive area (LAr Hole region) due to hardware failure: the
event is rejected if any jet with pT ą 20 GeV pointing to the LAr Hole is
found.
3. Events must have a reconstructed primary vertex with at least three associ-
ated tracks with pT ą 0.5 GeV.
Successively, the sample is restricted to events with one charged lepton passing
object selection.
4. Lepton selection (µ or e depending on the channel) is performed as described
in section 3.2: events are required to have one good lepton. In order to reject
Z Ñ l`l´ background, events are discarded if there is a second lepton passing
the object selection7.
5. An opposite-lepton-veto is applied. i.e. in muon channel events are discarded
if there is a good electron and vice-versa.
6. A check is done to verify that the selected lepton matches the one which
‘fired’ the trigger in that event (trigger-matching).
Events containing also a neutrino are then selected by cutting on the EmissT (figure
3.3).
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Figure 3.3: Missing transverse energy, obtained with a subsample of the dataset
used for this thesis. All the cuts of event selection up to the EmissT cut (excluded)
have been applied to the data.
7For second-lepton-veto, the pT threshold is 20 GeV instead of 25 GeV, both for electron
and muon channel.
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7. The missing transverse energy is strongly affected by inefficiencies in jet
reconstruction; therefore, some basic jet-quality requirements are applied to
reject events with possible non-physical EmissT due to reconstruction errors.
The event is rejected if any bad looser jet (as defined in section 3.1.3) with
pT ą 20GeV and ∆Rpjet, selected leptonq ą 0.3 is found.
8. Events are selected if: EmissT ą 25 GeV.
Finally, the W Ñ lν events are selected by cutting on lepton-neutrino transverse
mass.
9. It must be: MT ą 40 GeV, where MT (figure 3.4) is defined by equation
(3.2).
MT “
b
pEmissT ` plepT q2 ´ pEmissX ` plepX q2 ´ pEmissY ` plepY q2 (3.2)
“
b
2 ¨ EmissT ¨ plepT ¨ p1´ cospφEmissT ´ φplepT qq
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Figure 3.4: Transverse mass of the µν pair, obtained with a subsample of the
dataset used for this thesis. All the cuts of event selection (muon channel) up to
the MT cut (excluded) have been applied to the data. The electron channel provides
a similar result.
Jet requirements
Once W Ñ lν events are selected, further cuts are applied to jets. With respect to
the selection used in Standard Model diboson measurement, a fewer set of basic
cuts are applied here.
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• Events are selected if at least two jets pass the object selection. If there are
more than two good jets, the two of highest pT are used to build the dijet
invariant mass (figure 3.5).
• To reduce QCD multijet background, a cut is applied to the azimuth angle
between the EmissT and the jet of highest pT : ∆φpEmissT , j1q ą 0.8.
The selection acceptance has been calculated for diboson signal only: a WW {WZ
MonteCarlo8 sample has been used and the acceptance resulted is reported in table
3.1.
The biggest sample reduction is provided by the single good lepton requirement:
the signal sample is reduced to about 20% (in the electron channel the acceptance
is a bit smaller). Other cuts included in W Ñ lν event selection reduce the sample
to a further 60%. Finally, about 40% of W Ñ lν events pass the jet selection.
Selection acceptance
Muon channel 0.0521˘ 0.0001
Electron channel 0.0355˘ 0.0001
Table 3.1: Acceptance of the full selection presented in section 3.2 and 3.3 calcu-
lated with MonteCarlo analysis.
Figure 3.6 (and 3.7 for data restricted to low mass region) shows the dijet invariant
mass in electron and muon channel after the full selection. The mass spectrum
has a maximum at around 80 GeV and rapidly decreases. its tail reaches values
of Mjj ą 2 TeV in both channels.
8The signal sample has been generated with HERWIG, the ATLAS detector has been modeled
using GEANT4.
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Figure 3.5: Invariant mass distributions for a subsample of the WW {WZ Monte-
Carlo dataset used for the calculation of acceptance. Distributions obtained with
the first and second jet in order of pT (black), with the second and the third (red)
and with the first and third (blue) are compared.
(a) (b)
Figure 3.6: Jet-Jet invariant mass (logarithmic scale), obtained with Lint “
4702 pb´1. The inclusive selection in the muon channel (a) and electron chan-
nel (b) has been applied.
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(a)
(b)
Figure 3.7: Jet-Jet invariant mass, obtained with Lint “ 4702 pb´1. Zoom on
the mass range [0,300] GeV. The inclusive selection in the muon channel (a) and
electron channel (b) has been applied.
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Chapter 4
Wavelet analysis: an introduction
In this thesis the wavelet analysis is used as a method to detect very tiny bumps
in the mass spectrum. It is a multiscale method developed in the analysis of time
series. This chapter presents the main features of wavelet analysis and how it is
applicable to particle physics.
The extraction of signal from noise is a typical problem of data analysis. In a
time series (i.e. random variables xptq sampled at fixed time intervals) the stan-
dard method for detecting periodic signals is the Fourier transform (equation 4.1).
xˆ “
ż `8
´8
xptqeiωtdt (4.1)
This method is however not optimal for a ‘local’ signal i.e. limited in a time pe-
riod.
The solution of using a windowed Fourier transform (WFT) still presents some
problems [28], essentially because it introduces an arbitrary response time (T ).
The accuracy of the method is limited by ‘aliasing ’ effects, due to frequencies
outside the frequency range of window („ T´1). Furthermore, T has to be deter-
mined from data, with lengthy and prone to bias procedures.
The wavelet transform improves on the WFT for the determination of a non-
stationary effect (i.e. the signal) in time series [29], [30].
It is based on a complex wavelet function ψ0pξq, dependent on an adimensional
parameter ξ and replacing the plane wave in Fourier transform of equation (4.1). If
ψ0pξq has zero mean and is localized in time and frequency, then it is “admissible”
as a wavelet [31].
From the study of time series, this method has been moved to the analysis of ran-
dom variables. If m is a random variable (in this case, the invariant mass), density
of m, dN
dm
“ fpmq expressed as a function of m, is considered with the purpose to
identify structures in this distribution.
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The density fpmq of variable m is well represented by the histogram of the sampled
variable mn, in bins of mn “ m0 ` nδm. Therefore, the time series xtn is replaced
by the bin content of the histogram and its fixed time interval is replaced by the
bin width δm, the mass having the same role of time.
It has been necessary to verify numerically that this extension of the wavelet trans-
form method keeps all the good features of the wavelet transforms used in time
series.
The use of wavelet transform, developed in the analysis of time series, has succes-
sively found applications in a variety of fields.
Wavelet transform is a powerful denoising tool1: in physics it has been used as
data-filter in gravitational wave experiments [32], where time series with very poor
signal to background ratio are analyzed. Another example is data compression,
which finds an important application in image processing2.
Other applications are the study of quasi-periodical phenomena in geophysics and
meteorology and the detection of weak light sources in photon-counting detection
images, in astrophysics [34]. The latter is of particular interest to us because
point-like light sources are treated as bell-shaped peak in a two-dimensional im-
age composed by discrete pixels; the works as the one presented in [34] prove the
potentialities of wavelet analysis employed in the search of small bumps.
In this thesis, wavelet analysis has been performed essentially following the com-
putational method proposed by C. Torrence and G.P. Compo in [1]. They provide
a practical description of wavelet analysis computation method, applied to an ex-
ample of quasi-periodical time series3. We have taken the computational method
proposed in [1] by replacing the time with the mass and the time step δt with the
bin width δm and the measure xn with the bin content.
To better simulate the time series condition, a high number of bins has been used
(i.e. 1000 bins with a bin size of 0.1 or 0.2 GeV). The wavelet analysis provide
an identification of larger structures by varying the scale, a variation of the bin
number is not needed.
In any case, it has been verified empirically that a lower bin number simply causes
a shift in scale of wavelet transform structures, with no other effects on signal
significance or resolution.
Due to the discrete nature of data, the wavelet transform will be computed in a
discrete way; in some cases, to avoid the complexity of explicit discrete calculation,
a continuos transform will be used, with the assumption that the bin width δm is
small enough to reasonably compare the continuos and discrete cases.
1By adaptively thresholding the wavelet coefficients that correspond to undesired frequency
components smoothing and/or denoising operations can be performed.
2The JPEG compression standard is based on wavelet transform[33].
3In this case the time series is a set of measures of the periodical climatic effect known as El
Nin˜o-Southern Oscillation.
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4.1 The wavelet transform
As previously stated, the wavelet transform can be interpreted as a sort of local
Fourier transform, where the complex exponential is replaced by a local function
of variable scale.
If ψ0pξq is a complex function satisfying the wavelet function “admissibility” re-
quirements, then the wavelet transform of a function fpmq is defined in equation
(4.2), where ψ˚pξq is the wavelet complex conjugate.
W pm, sq “
ż
fpm1q ¨ ψ˚
ˆ
m1 ´m
s
˙
dm1 (4.2)
The wavelet function ψ
`
m1´m
s
˘
is named a daughter of the mother wavelet ψ0,
centered in m and scaled by the wavelet scale s.
The scale s changes the ‘size’ of the wavelet. In practice, W pm, sq explores fpmq
at the mass m with a resolution s (this can be particularly evident in the case ψ0
is the DoG wavelet, reported in the third line of table 4.1). By varying m through
the whole mass range and s through all resolvable scales, fpmq is represented in
two dimensions: the mass and the resolution.
This is a convenient tool for the search of hidden structures in the case fpmq is an
experimental quantity. W pm, sq gives a global picture of fpmq features: at large
scales, only very large structures will appear, while at smaller scale the wavelet
transform is sensitive to very small details that can confuse the pattern. Some
intermidiate scale could reveal interesting structures.
The discrete case is equivalent. The function fpmq is replaced by the discrete
quantity xn; if N is the total number of bins, the wavelet transform is defined in
equation (4.3).
W pm, sq “ Wnpsq “
N´1ÿ
n1“0
xn1 ¨ ψ˚
ˆpn1 ´ nqδm
s
˙
being : m “ n ¨ δm (4.3)
In literature, many types of wavelet functions are considered, figure 4.1 lists a few
of the more common ones.
In this thesis, the Mexican Hat wavelet function (also named DoG as reported
in figure 4.1) is used as mother wavelet for the entire analysis, because its bell-
shaped profile is similar to that of the searched resonances. The wavelet transform
is therefore expected to be sensitive to the intensity of data structures and their
position in mass4.
Wavelet analysis is then performed by representing and quantitatively analyzing
the wavelet transform W pm, sq as a function of both the mass and the scale.
4Oscillating ψ0 are used for other purposes, e.g. searching for a localized periodicity in data.
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Table 4.1: Three wavelet mother functions and their Fourier transform [1]. Con-
stant factors for ψ0 and ψˆ0 are for normalisation. The plots on the right give the
real part (solid) and imaginery part (dashed) for the wavelets as functions of the
parameter η (the same as ξ in the text).
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Figure 4.1 (a) shows a simple example: a gaussian signal of mass 100 GeV (100
events) has been added to a flat background (6000 events). The red spot is a peak
in W pm, sq, corresponding to the signal.
In [1] the wavelet power spectrum |W pm, sq|2 is used instead of W pm, sq: figure
4.1 (b) shows the same example processed using |W pm, sq|2.
The use of wavelet power spectrum makes the negative minima of W pm, sq5 to look
like fake peaks; this will increase the number of fakes in data that complicates the
analysis. Therefore, it was decided to use W pm, sq for this thesis.
The black line in figure 4.1 delimits the cone of influence, above the line the the
boundaries of the data influence the transform: details are given in section 4.2.3.
Figure 4.1: Wavelet transform of a gaussian signal (100 events, mean=100 GeV,
standard deviation = 15 GeV) over a uniform background (6000 events). (a): The
wavelet transform W pm, sq as a function of mass and scale. (b): Module squared
of the wavelet transform |W pm, sq|2 as a function of mass and scale. The cone of
influence is delimited by the black line. The invariant mass histogram is plotted in
the on the top.
5The presence of negative minima is a consequence of the shape of the DoG wavelet function
(figure 4.1) which have two negative minima at the sides of the central peak.
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4.2 Wavelet transform calculation
In this section, some aspects of practical wavelet transform calculation are pre-
sented.
Although it is possible to calculate the wavelet transform of a discrete sequence xn
using equation (4.3), it is considerably faster to do the calculation in Fourier space
[1]. To apply equation (4.3), it would be necessary to calculate the convolution as
many times as the number of bins (for each scale), while the convolution theorem
allows to do all the convolutions simultaneously for each scale.
The discrete Fourier transform of xn is given by equation (4.4), where k “ 0...N´1
is the frequency index, while the Fourier transform of a (continous) function
ψpm{sq is ψˆpsωq.
xˆk “ 1
N
N´1ÿ
n“0
xne
´i2pikn{N (4.4)
By the convolution theorem, the wavelet transform is the inverse Fourier transform
of the product xˆk ¨ ψˆpsωkq, as in the equation (4.5), where ωk is defined as in
equation (4.6).
W pm, sq “ Wnpsq “
N´1ÿ
k“0
xˆkψˆ
˚psωkqeiωknδm (4.5)
ωk “
"
2pik
Nδm
if k ď N
2´ 2pik
Nδm
if k ą N
2
(4.6)
Using equation (4.5) and a Fourier transform routines, the wavelet transform can
be calculated at all n simultaneously and efficiently for any given s [1].
4.2.1 Choice of scales
W pm, sq, as a continuos function of s, can be approximated by computing the
wavelet transform for a set of scales.
In many cases6 a suitable set of scales must be chosen to build up a more complete
picture.
In literature, it is proposed as the most convenient choice to write the scales as
fractional powers of two (as given by expression (4.7)). This solution will be
adopted here too.
sj “ s02jδj , j “ 0, 1, ..., J (4.7)
6Wavelet functions ψ form a set of functions that can be orthogonal or non-orthogonal. In
the orthogonal case the set is discrete and therefore the choice is limited to a discrete set of
scales. Here, nonorthogonal wavelets are considered and one can use an arbitrary set of scales.
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The scale index j has been often used in plotting wavelet transform, instead of the
scale itself. The meaning of other parameters in equation (4.7) and how they have
been fixed in this work is listed below.
• s0 is the smallest resolvable scale: in this work, s0 “ δm has been used (δm
is the bin size of the histogram).
• The choice of δj sets the smallest wavelet resolution: the smaller is the value
of δj, the finer is the resolution. Here δj “ 0.25 is used.
• J is defined from the value of the largest scale J “ δj´1log2psmax{s0q. To
follow [1], J “ 44 has been adopted.
It is quite evident that the maximum wavelet resolution should be approx-
imately as large as the whole mass range, i.e. smax » Nδm. Having fixed
smax “ s02Jδj, it follows that a range in mass of the order of 102 GeV has to
be used to perform the analysis.
4.2.2 Normalization
Wavelet transform normalization changes according to each analysis purposes. In
many cases, W pm, sq at different scales must be directly compared, therefore the
wavelet normalization at each scale is important.
For this thesis, the choice adopted in [1] was followed. Since the wavelet transform
is computed using the method in equation 4.5, the normalization is fixed for the
Fourier transform of the mother wavelet function ψˆ0. ψˆ0 is normalized to have
unit energy, as expressed in equation 4.87.ż `8
´8
|ψˆ0psωq|2dω “ 1 (4.8)
To compare the the wavelet at different scales, it is necessary that they all have
the same normalization. Therefore, for consistency all the daughter wavelets are
normalized in the same wav as ψˆ0.
This normalization condition is satisfied adding a normalization constant as in
equation 4.9. Finally, this requirements imply that the wavelet daughters have the
property expressed by equation (4.10), where N is the number of points.
ψˆpsωkq “
ˆ
2pis
δm
˙1{2
ψˆ0psωkq (4.9)
N´1ÿ
k“0
|ψˆpsωkq|2 “ N (4.10)
7The mother wavelets in table 4.1 are already normalized to satisfy the condition in equation
4.8
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4.2.3 Cone of influence
The Fourier transform assumes that the input data is cyclic. Since W pm, sq is
calculated over a finite mass range, errors will occur at the beginning and end of
the mass range.
A common solution (also adopted here) is to pad with zeroes the end of the mass
range before the Fourier transform is calculated and remove them afterwards. In
particular, padding with zeroes to bring the total length of the time series to the
nearest power of 2 is the usual way to speed up the Fourier transform avoiding
errors.
However, padding with zeroes influence W in the region close to the edges: it
introduces discontinuity at the endpoint, possibly causing fakes, and W pm, sq (ex-
pecially at larger scales) is decreased near the edges as more zeroes enter the
analysis.
The Cone Of Influence (COI) is the region in s ˆm plane where edge effects are
important.
Effects generated from discontinuity at the edges decreases exponentially when
moving towards the range center: the COI is then defined, for each scale, using
the ‘characteristic lenght’ of this decrease (here, the ‘characteristic lenght’ is ac-
tually in mass units).
The COI limit is reported in figure 4.1 as a black line: ‘outside’ the black line,
edge effects are not negligible.
Empirically, it has been observed that the choice of the DoG wavelet reduces the
edge effects with respect to other wavelets, resulting in a smaller COI.
4.3 Quantitative results.
In quantitative analysis, two related topics must be considered.
• A confidence level must be defined to be able to state if a wavelet transform
peak is the result of a signal or a fluctuation of the background.
• The data peak properties, such as intensity and width, must be determined
from the W pm, sq peak (whether it’s significant or not).
Both this topics are strongly influenced by the presence (in the sample used for
this thesis) of a huge and non-flat background.
All the applications of wavelet analysis reported in literature assumed a white-
noise flat background and therefore all the analysis tools provided in literature
have been tested in these conditions.
As it’s evident from figures 3.6 and 3.7, the mjj background rapidly decreases as a
function of mjj, providing a completely different input for wavelet transform. This
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strongly influences the wavelet transform and make the analysis more difficult.
In the following, these topics are briefly discussed. More specific explanation on
how this effects have been empirically evaluated are given in next chapters.
4.3.1 Background evaluation
Wavelet transform is sensitive to any structure in data. Therefore if the back-
ground, as a function of mass, has a trend, this will produce a conspicuous effect
at large scale that can confuse the pattern of the signal making it difficult to de-
tect. Graphical examples and a more precise discussion on this problem are given
in chapter 6.
The solution adopted in this case is to subtract the background before calculating
the wavelet transform, so that wavelet analysis is applied to an almost flat back-
ground. This simplifies the analysis and the definition of a confidence level.
On the other hand, the background shape is fitted to data and the fit presents some
difficulties: if the background shape used for fit does not agree well with data, the
difference between data and fitted background can have structures, which results
in a number of fake peaks in the wavelet transform. As an alternative option, it
has been observed that in appropriate conditions (see chapter 6) a signal peak over
a non-uniform background can be detected without background subtraction.
However, the extraction of quantitative results in this case is difficult and requires
a specific calibration and an appropriate definition of detection algorithms. A spe-
cific work on this topic has not been done for this thesis: quantitative results have
been extracted in the case of background subtraction, the wavelet transform with
no subtraction has been considered only qualitatively.
4.3.2 Significance level
The significance level is computed for each sˆm bin, assuming background-only
as null hypotesis (H0).
The background distribution of wavelet transform, fixed m and s, is defined start-
ing from the mass spectrum binned in fine bins (δm “ 0.1 GeV or 0.2 GeV in
different cases).
The bin contents of the mass histogram are Poisson independent variables. The
distribution of the n-th bin occupation number xn thus is Poispµb “ xnq; the vari-
ance is xn.
Since the wavelet function ψ is not a random variable, W pm, sq distribution is
the weighted sum of N Poisson variables weighted by coefficients cn1pm, sq, as in
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equation (4.11).
W pm, sq “
N´1ÿ
n1“0
xn1 ¨ ψ˚
ˆpn1 ´ nqδm
s
˙
“
N´1ÿ
n1“0
xn1 ¨ cn1pm, sq (4.11)
W pm, sq distribution has been simplified by assuming gaussian approximation to
be valid for xn distribution. Furthermore, significance level calculation is done,
here, after background subtraction (see section 4.3.1), so that the bin contents are
distributed as gaussian variables with µb “ 0 and σb “ xn, where xn is the bin
content mean before background subtraction.
W pm, sq is thus distributed as a gaussian of zero mean and variance σ2pm,sq given
by equation (4.12).
σ2pm,sq “ V arpW pm, sqq “
N´1ÿ
n1“0
xn1 ¨ |cn1pm, sq|2 (4.12)
The α confidence level is computed for a standard normal distribution Np0, 1q, as
in equation (4.13). Since we are interested in detecting only positive peaks, the
confidence level is calculated only for the upper tail of the gaussian distribution.
α “
ż 8
xCL
Np0, 1qdx (4.13)
The obtained level is then compared to W pm, sq{σpm,sq („ Np0, 1q if H0), i.e. the
wavelet transform scaled by the standard deviation σpm,sq, dependent on the mass
and scale values.
This method have been tested on background samples obtained with toy Monte-
Carlo; a detailed description will be presented in section 6.7.
In this thesis has been used α “ 5%. This is a local confidence level, computed
for each single bin.
The global significance (i.e. the probability of having more than one signal any-
where in the mass region) should also be computed in case of claim of a new signal.
However, gaussian signals as those expected for this thesis (NpµS, σ2 » p15GeVqq2)
are mainly detected at large scales (see chapter 5). At these scales the DoG wavelet
is almost as wide as the considered mass interval. This limits the number of pos-
sible independent fake signals.
Also, the values of the wavelet transform at varying mass and scale are all corre-
lated and this complicates the definition of a global confidence level.
These fine details won’t be further discussed in this thesis.
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4.3.3 Signal shape
In wavelet analysis, the intensity and width of a signal peak must be extracted
from the shape of the W pm, sq peak.
The wavelet transform (using the DoG wavelet) of a gaussian shape can be com-
puted explicitly by continuos wavelet transformation. Equation (4.14) shows the
result for a gaussian of mean µ and variance σ2. It has been used m “ n dm where
m is the mass, n the bin number and dm the bin width.
W pm, sq “ Aps, σq ¨ δm ¨Nev ¨
ˆ
1´ pnδm´ µq
2
σ2 ` s2
˙
e
´ pnδm´µq2
2pσ2`s2q (4.14)
W pm, sq is therefore expected to peak at the signal mass and the peak intensity
to be proportional to the number of signal events Nev.
As a consequence of wavelet transform definition, the values of W at different
masses (and scales) are hightly correlated, so that a fit of W pmq at fixed s (or
vice-versa) should be avoided.
In literature [34] it is suggested that the best reconstruction of signal properties
should be done by measuring W pm, sq peak in scale and mass.
In next sections, various methods to define a calibration relation between W peak
and signal intensity and standard deviation will be shown. Although W pm, sq peak
resulted to be proportional to the number of signal events Nev, the calibration is
complicated by the presence of a varying background in wavelet transform.
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Chapter 5
Basic analysis features: examples
with toy MonteCarlo
In wavelet analysis, a one-dimensional invariant mass histogram is replaced by a
two-dimensional plot, allowing to separate features at different scales.
Qualitatively, changing the scale means changing the DoG width. Since wavelet
transform is essentially a convolution between data and wavelet function, at a
given scale it is expected to be sensitive to peaks having a width comparable with
that of the DoG.
As can be seen in figure 4.1 , in the region of lower scales many small peaks ap-
pears: they are the consequence of statistical fluctuation of bin contents.
In the high scale region, on the other hand, the wavelet function is almost as large
as the whole mass range. Therefore, it is not sensitive to the presence of localized
effects.
Bumps corresponding to physical effects are located in an intermediate scale re-
gion, approximately where the red spot of figure 4.1 is located.
A quantitative definition of the scale regions where physical effects are expected
cannot be provided theoretically in a sufficiently reliable way and must be extrap-
olated by data and simulation studies.
When performing the analysis, the scale has often been replaced by the scale index
(section 4.2.1), to simplify the plot by avoiding the logaritmic scale on y-axis. In
any case, the used variable will be always indicated.
In the following, the actual shape of the wavelet transform of a gaussian signal
and how it is influenced by background is checked via toy MonteCarlo samples.
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5.1 Signal shape
Figure 5.1 shows the wavelet transform of a gaussian signal (µ “ 100 GeV, σ “ 15
GeV) of 100 events. No background has been added.
The wavelet transform has been plotted as a function of mass and scale index,
both using level contours and in a tridimensional view.
Figure 5.1: Wavelet transform of a gaussian signal (100 events, mean=100 GeV,
standard deviation = 15 GeV). (a): Input invariant mass. (b):Wavelet transform
plotted via contour lines. (c):Wavelet transform in tridimensional view.
In the two-dimensional view is evident the typical shape of a gaussian peak: a
positive structure looking as a smoothed triangle, with two elongated negative
structures at it’s sides.
The ‘smoothed triangle’ shape is consistent with the theoretical form of the wavelet
transform of a gaussian. It is expected to be a DoG function, of larger width as the
scale increases. The two deep valleys aside of the peak are also a consequence of
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the DoG wavelet used. At small scale, the plot is dominated by the bin structure.
This is qualitatively verified by the projection of the wavelet transform at fixed
scale; examples are reported in figure 5.2. The W shape is clearly that of a DoG
function, with mean corresponding to the signal mean, confirming what is ex-
pected.
It must be noticed that, as pointed out previously, at low scale the DoG shape is
lost and W presents various narrower peaks, corresponding to statistical fluctu-
ations of groups of bins (or single bins, for low enough scales). Two small edge
effects are evident in the lower scale projections.
Finally, figure 5.3 shows the wavelet transform as a function of scale index at
m “ 100 GeV. The shape of this plot should be defined by the coefficient Aps, σq
of equation 4.14, since all the other terms are equal to one.
5.2 Background effects: flat background
Wavelet analysis method is intended to be applied in the measurement of very
small signals. Therefore, background strongly affects the analysis results.
In this section, the effects of a flat background will be evaluated. A non-uniform
background causes further problems: the effects of an exponentially decreasing
background will be described in the next section.
A flat background is the condition in which wavelet analysis has been applied in
most of literature.
In particular, in [1] wavelet transform is calculated considering variations with
respect to arithmetic mean of the data. The same method has been adopted here.
An example of a gaussian signal over a uniform background has already been shown
in figure 4.1.
Figure 5.4 shows the wavelet transform of figure 4.1, at fixed scale. At scale index
js “ 30 (figure 5.4 (b)), the wavelet transform has a DoG shape in the region of
the signal, as was in the case without background. At higher scale, as observed at
the beginning of this chapter, the wavelet transform appears to be hardly sensitive
to the presence of the signal, while at lower scale (figure 5.4 (c) and (d)) it is
dominated by statistical fluctuation.
When performing wavelet analysis, the lower scale region must then be excluded
to avoid the fake peaks generated by statistical fluctuations at bin level. Here, it
has been decided to consider only the scale region js ě 25.
In the example reported in figure 4.1, the signal at m “ 100 GeV is very clearly
detected. This is not always the case and sometimes the picture is less clear
and more affected by background statistical fluctuations. Figure 5.5 shows some
examples of the variability of wavelet transform. The plots are obtained with a
gaussian signal of 100 events at µ “ 100 GeV and σ “ 15 GeV, over 6000 events
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Figure 5.2: Wavelet transform of a gaussian signal (100 events, mean=100 GeV,
standard deviation = 15 GeV): projection at fixed scale. (a): scale index=35. (b):
scale index=30. (c): scale index=25. (d): scale index=20. (e): scale index=15.
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Figure 5.3: Wavelet transform of a gaussian signal (100 events, mean=100 GeV,
standard deviation = 15 GeV): projection at fixed mass m “ 100 GeV.
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Figure 5.4: Wavelet transform of a gaussian signal (100 events, mean=100 GeV,
standard deviation = 15 GeV) over a flat background (6000 events): projection at
fixed scale. (a): scale index=35. (b): scale index=30. (c): scale index=25. (d):
scale index=20.
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of uniform background.
In presence of background the signal can be affected in different ways.
• The wavelet transform peak is not exactly at the data peak mass, introducing
an error in the mass determination. A case in which this effect is particularly
evident is shown in figure 5.5 (a).
• The peak has no more the ‘smoothed triangle’ shape: it can be elongated in
mass or in scale and both its dimension and scale position can vary (figure
5.5 (b),(c),(d)).
• In the worst case, background statistical fluctuation can hide the signal,
which is not detected at all (figure 5.5 (e)).
A related problem is the presence of fake peaks, due to statistical fluctuations
that simulate a signal. Fake signal identification and rejection is important in
the case of a claim of discovery, it will be more carefully treated in next sections;
considerations on the peak shape and a good definition of a confidence level are
needed to define acceptable signal candidate.
Another important element in considering the detection of a small peak is the signal
width. In real data signals the width of signals is expected to be dominated by
the contribution of jet energy resolution [35]. Therefore, resonances are expected
to have a width of about σ » 15 GeV.
Figure 5.6 shows two invariant mass histograms as those used as input for wavelet
transform calculation. A gaussian signal of 100 events (in red) with σ “ 7 GeV
(a) and σ “ 15 GeV (b) is superimposed to 6000 events of background (as have
been done in all the examples shown so far).
A wider signal will be less detectable than a narrow one, since it will diffuse in a
wider range of mass (i.e. the signal to background ratio is smaller).
5.2.1 Efficiency
The wavelet analysis efficiency has been calculated by defining an appropriate
algorithm to find a peak and decide if it corresponds to the real one or not.
Due to the high variability of wavelet transform, the definition of an algorithm is
not simple. Working on a flat background, the simplest algorithm is used, further
refinements to define an acceptable candidate event will be discussed when moving
to the shape of background more similar to that of real data.
The detection starts from the contour level representation of the wavelet transform
(also named spectrogram). The scale index js has been used instead of scale, but
the algorithm would be the same working with the scale itself. In the following,
this basic process will be referred as the contour algorithm.
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(e)
Figure 5.5: Wavelet transform of a gaussian signal (100 events, mean=100 GeV,
standard deviation = 15 GeV) over a flat background (6000 events). In example
(a), the peak appears displaced at the lower mass. Examples (b),(c),(d) shows how
the peak shape and position in scale varies. In example (e) the peak has not been
found.
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(a) (b)
Figure 5.6: Invariant mass histograms obtained with a toy MonteCarlo. Signal
and background have been marked with different colors to be distinguishable. The
background (blue) if uniformly distributed, 6000 events have been simulated. A
gaussian signal (red) of 100 events and mean=100 GeV is superimposed. The
standard deviation is σ “ 7 GeV (a) and σ “ 15 GeV (b).
Figure 5.7: Graphic example to clarify how the contour algorithm works. The
contours are of the same kind as those obtained from a real wavelet transform plot,
but the position of the maximum and the contour level have a purely explicative
meaning and no numerical significance.
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The contour algorithm
The contour algorithm is the basic strategy for the search of a signal in a W pm, sq
plot. Further considerations in wavelet transform maxima or width should be
considered as a development of the algorithm presented here.
In a contour plot, each contour is composed by the mˆJs points for which W pm, sq
has a specific value (the contour level); for all the points inside the contour W pm, sq
is larger than the contour level. Figure 5.7 shows a qualitative example.
1. Fixed a single contour level W0, the algorithm searches for contours at W0.
W0 contours have been drawn in red in figure 5.7: there are many contours,
mostly located at small scales.
The choice of W0 is important: if it is too large, small signals can be lost as
they are below W0. On the other hand, too low W0 causes an increase of the
number of fakes, since some contours are not due to real signal.
2. A loop on the contours is done. Given a certain contour, the algorithm
checks if at least a part of it is contained in the scale region js ě 25 (over the
dark blue line in figure 5.7). If not, the contour is discarded. In the example
of figure 5.7 only the contours marked as C0 and C1 pass this point of the
algorithm.
3. The maximum value of W is searched. The search is limited to the region
of m ˆ js plane which is both inside the contour and contained in the scale
region js ě 25. In figure 5.7 the maximum for contours C0 and C1 are
searched inside the black squares.
4. Assume the maximum Wmax has been found in a certain point pmmax, JSmaxq.
In figure 5.7 this is shown as the black point named Wmax (the other two
points on the light blue line will be described in the next section). The
peak scale smax (obtained from JSmax via the formula (4.7)) is then used as
a parameter to check if the peak is compatible with the inserted signal (of
mass µ): if mpeak P pµ´ speak , µ` speakq the signal has been found and the
loop is interrupted. If not, the algorithm passes to the next contour.
Note that acceptance region has been defined as the mass interval around the in-
serted signal mean and its width is determined by the scale at which the maximum
is found. This because the width in mass of the wavelet transform of a gaussian,
computed at fixed scale, is better estimated by the scale.
It must be pointed out that this strategy is the first step forward the measurement
of the efficiency. The strategy should be successively refined to best adapt to data
working conditions.
Figure 5.8 shows the efficiencies obtained with this method as a function of the
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number of signal events. All the plots are obtained with MonteCarlo samples of
6000 events of uniform background, varying the number of signal events1.
All the efficiency and calibration plots showing the dependence of parameters on
the number of signal events are obtained by averaging the measured observable
over 30 MonteCarlo simulated experiments. Figure 5.8 (a) shows the efficiency for
a signal with mean µ “ 100 GeV and standard deviation σ “ 15 GeV, while in
figure 5.8 (b) the standard deviation has been set to σ “ 7 GeV: as previously
observed, the efficiency appears to be higher for a narrower signal.
Also, efficiency is higher if the signal is located in the central region of the interval,
essentially because of edge effects. The plots (c) and (d) of figure 5.8 shows the
efficiency for a signal of σ “ 15 GeV and mean respectively µ “ 40 GeV and
µ “ 160 GeV.
A problem related to efficiency are fake peaks: the probability that an event quali-
fied as a signal is due to background fluctuation must be calculated. This problem
will be discussed in next chapters.
5.2.2 Quantitative dependence on signal parameters
The dependence of wavelet transform on signal intensity and width is now investi-
gated. An analytical calculation is made difficult by the statistical nature of signal
and background. The effect of signal intensity (number of events) and background
have been computed numerically through MC calculations. A more precise and
reliable picture of the dependence of W pm, sq on signal characteristic has emerged.
In the following, the dependence on signal parameters will be investigated using
wavelet peaks passing the contour algorithm (as described in section 5.2.1), in
order to reduce as much as possible the effects of background.
Number of signal events
Equation 4.14 implies that the height of a W pm, sq peak originating from a gaus-
sian signal is directly proportional to the number of signal events Nev. From
equation 4.14, the maximum value of W pm, sq is expected to be dependent also
on the scale at which the maximum is found.
Equation 4.14 was computed assuming no background. The presence of back-
ground could affect the dependence of the maximum of W pm, sq on the number of
signal events. This will be studied in this section numerically.
The search for the maximum of W pm, sq is performed using the contour algorithm.
As said in section 5.2.1, the contour algorithm finds the maximum of W pm, sq over
1Errors have been calculated using Bayesian method.
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(a) (b)
(c) (d)
Figure 5.8: Detection efficiencies of the wavelet analysis algorithm described in
section 5.2.1 as a function of the number of signal events. The correspondent signal
to background ratio is reported in the upper axis of each figure. The efficiency is
calculated for different signal mean (µ) and standard deviation (σ). (a): µ “ 100
GeV σ “ 15 GeV. (b): µ “ 100 GeV σ “ 7 GeV. (c): µ “ 40 GeV σ “ 15 GeV.
(d): µ “ 160 GeV σ “ 15 GeV.
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a certain contour; this means that the scale of the maximum smax is not fixed and
can vary inside the region js ě 25.
This variability in scale could affect the results, because the maximum of W pm, sq
depends both on the number of signal events and on scale. This is intuitive since
a larger scale implies a wider wavelet, thus it is likely to include more background
events. For this reason, a maximum at fixed scale has been defined.
Two definition of maximum at fixed scale have been considered.
• Consider once more the figure 5.7, and the maximum found by the contour
algorithm Wmaxpmmax, JSmaxq. Consider a fixed scale index js0 (in figure 5.7,
it is js0 “ 29, marked by the light blue line). The variable used to evaluate
the number of events is W pmmax, s0q (the second black dot in figure 5.7),
i.e. the value of the wavelet transform is taken at the mass of the maximum
mmax, but at the fixed scale to reduce scale dependencies.
js0 will be appropriately defined to be as close as possible to the scale where
most peaks are found.
• An alternative variable is found searching for the maximum of W pm, sq at
the fixed scale s0. The procedure is again based on the contour algorithm:
the same passages described in section 5.2.1 are followed, but the maximum
in the contour is searched only at js “ js0, inside the contour. If the contour
does not cover the scale js0, zero is returned.
This maximum will be referred as W fixedSmax and is indicated by a violet point
in figure 5.72.
For the choice of js0 the position in scale of detected signal peaks has been investi-
gated via toy MonteCarlo simulations. Figure 5.9 shows the position in scale index
for signals of varying number of events. The plot (a) shows the case of signal-only
samples, while in (b) signals are superimposed to 6000 background events.
In the case of a pure signal sample the peak scale is almost constant, while it
shows a clear dependence on the number of events when the background is added.
A mean value has been adopted to minimize the distance from real peak scales.
js0 “ 29 has then been chosen.
The three observables, Wmax, W
fixedS
max and W pmmax, s0q, have then be computed
for this choice of js0.
Their dependence on the number of events have firstly been checked using samples
of gaussian events (of mass µ “ 100 GeV and width σ “ 15 GeV) without any
background. Figure 5.10 (a) shows the result.
2Note that the position of maxima in figure 5.7 is purely an example. In reality, the distance
between W fixedSmax and W pmmax, s0q is generally much smaller.
59
Number of signal events
0 20 40 60 80 100 120 140 160 180 200
sc
a
le
 o
f W
 p
ea
k
28.8
29
29.2
29.4
29.6
29.8
30
W peak scale position vs number of signal events
(a)
Number of signal events
0 20 40 60 80 100 120 140 160 180 200
sc
a
le
 o
f W
 p
ea
k
27
27.5
28
28.5
29
29.5
30
30.5
31
31.5
W peak scale position vs number of signal events
(b)
Figure 5.9: Scale index of wavelet transform maxima for varying number of signal
events. (a): no background is added. (b): 6000 events of uniform background are
added. To show the mean value over the whole intensity range, the two plots have
been fitted with a constant, the result is shown by the black line.
Wmax, W
fixedS
max and W pmmax, s0q behave the same and they are all clearly linear
in Nev with zero intercept. The results of a linear fit of the different variables are
shown in figure 5.10 (a).
Figure 5.10 (b) shows the same variables when a uniform background of 6000
events is added.
There is now an offset between the maximum calculated at variable scale and those
calculated at fixed scale, while the two solution at fixed scale remain very similar.
The offset is due to the inclusion of background events in the wavelet convolution.
The effect is reduced in W fixedSmax and W pmmax, s0q with respect to Wmax.
Both Wmax and the fixed scale maxima still depend linearly on the number of
signal events. The linear fits results are reported in figure 5.10.
From the fit, the three variables have the same slope, but the constant term of
the fit is larger for Wmax. The slope is also a bit smaller than in the case of zero
background. The dependence of wavelet maximum on signal intensity is affected
by background and wavelet transform needs a specific calibration for every data
sample, based on the shape and the amount of the particular background present
in the data.
The results of figure 5.10 are for a gaussian signal of standard deviation σ “ 15
GeV.
A check has been done to verify if the linear fit slope depends on the signal width:
figure 5.11 shows Wmax, W
fixedS
max and W pmmax, s0q for gaussian signals of σ “ 7
GeV (a) and σ “ 20 GeV (b), with a uniform background of 6000 events.
The linearity is conserved and the slope has only a slight variation: this calibra-
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(a)
(b)
Figure 5.10: Wmax (blue), W
fixedS
max (red) and W pmmax, s0q (green) for varying num-
ber of signal events (the fixed scale is js0 “ 29). The signal standard deviation is
σ “ 15 GeV. (a): no background is added. (b): 6000 events of uniform background
are added. The three variables have bin fitted with a linear function: fit results are
also shown.
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tion will then be considered independent of signal standard deviation. The small
variations due to different σ could eventually be considered when studying the
sistematics.
Table 5.1 summarizes the fit results in previous cases.
The choice between Wmax, W
fixedS
max and W pmmax, s0q needs further considerations
and is left to next sections.
The linearity of both the three variables has been verified also for small number of
signal events: this confirms the high efficiency of the method (reported in figure
5.8). The linear fit has a nonzero constant term. It indicates the presence of a
background, probably due to fakes. This background component should be evalu-
ated to better define variables estimating the number of events.
W pNevq: slope
no background flat background flat background flat background
σ “ 15 GeV σ “ 15 GeV σ “ 7 GeV σ “ 20 GeV
Wmax 0.0495˘ 0.00027 0.028˘ 0.0024 0.026˘ 0.0025 0.023˘ 0.0024
W fixedSmax 0.0505˘ 0.0002 0.028˘ 0.0029 0.022˘ 0.0028 0.021˘ 0.0027
W pmmax, s0q 0.0505˘ 0.0002 0.029˘ 0.0030 0.022˘ 0.0030 0.021˘ 0.0027
W pNevq: constant term
no background flat background flat background flat background
σ “ 15 GeV σ “ 15 GeV σ “ 7 GeV σ “ 20 GeV
Wmax 0.008˘ 0.019 3.1˘ 0.24 2.4˘ 0.25 2.8˘ 0.25
W fixedSmax 0.02˘ 0.015 1.70˘ 0.27 1.4˘ 0.28 1.6˘ 0.26
W pmmax, s0q 0.02˘ 0.015 1.70˘ 0.31 1.5˘ 0.33 1.8˘ 0.26
Table 5.1: Results of the linear fit of the three variables used as wavelet transform
peak height as a function of the number of signal events. All the cases presented
in section 5.2.2 are presented.
Standard deviation of the signal
In general, the wavelet analysis is not expected to be highly sensitive to signal
width. It has been observed that physical peaks are located in a specific range of
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(a)
(b)
Figure 5.11: Wmax (blue), W
fixedS
max (red) and W pmmax, s0q (green) for varying
number of signal events (tha fixed scale is js0 “ 29). The signal standard deviation
is σ “ 7 GeV (a) and σ “ 20 GeV (b). 6000 events of uniform background are
added. The three variables have bin fitted with a linear function: fit results are also
shown.
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scales. At these scales, the wavelet function is larger than the signal: for this rea-
son the signal width is not expected to have large effects on the wavelet transform
shape.
In any case, the dependence of wavelet transform on signal standard deviation (σ)
has been evaluated.
For the study of signal standard deviation, the scale position and the width in
mass of the peak of the wavelet transform should both be considered.
Due to the DoG-like shape of the wavelet transform, the easiest way to define the
peak width is to evaluate the intercept of the wavelet transform with the W “ 0
line. The half width at zero is defined at fixed scale, as shown in figure 5.12: given
the peak mass m0, the first zero at m ą m0 and m ă m0 are found. The half
width at zero is the distance between the two zeroes (in red in figure 5.12) divided
by 2.
This observable is expected to depend both on signal σ and on the scale at which
the width is calculated.
Figure 5.12: Graphic example to clarify how the half width at zero is defined. The
shape of W pm, sq is of the same kind as the one obtained from a real wavelet
transform, but it should not be considered as significative example.
A method similar to the one proposed for the number of events is followed to
evaluate the dependence on signal standard deviation. The signal half width at
zero can is computed for the maxima found by the contour algorithm. In previous
section, three definitions of the wavelet transform maximum are provided. Refer-
ring to each of these three maxima, a correspondent definition of the half width
at zero is provided.
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• Given the contour maximum Wmaxpmmax, smaxq (see previous section for it’s
definition), the corresponding half width at zero (named HWmax in the fol-
lowing) is computed considering the wavelet transform at scale smax. HWmax
is evaluated with the method described above and shown in figure 5.12, bee-
ing m0 “ mmax.
It must be pointed out that smax is the scale where the contour algorithm
finds the wavelet transform maximum, therefore smax is not fixed.
• The dependence on scale can be avoided by moving to a fixed scale s0. The
half width is calculated by considering the wavelet transform at fixed scale s0,
W pm, s0q, and applying the half width at zero definition, having m0 “ mmax.
The half width at zero found in this way will be named HWs0 .
• There is another way to define the half width at fixed scale s0. As mentioned
in previous section, the wavelet transform maximum can be found at fixes
scale s “ s0; the maximum of W pm, s “ s0q is found at mfixedSmax , in general
different from mmax. The half width at zero is then defined in the way shown
in figure 5.12, with m0 “ mfixedSmax . In this case the half width at zero will be
named HW fixedSmax .
For consistence with previous results js0 “ 29 is used as fixed scale index. It must
be pointed out that HWs0 and HW
fixedS
max are expected to be essentially the same
variable; however they will be both analyzed.
A first check has been done with a sample of 100 signal events and no background
added. Figure 5.13 shows the scale at which the wavelet transform peak is found
by the contour algorithm, as a function of the signal standard deviation. It in-
creases for higher values of signal σ with a non-linear behavior.
DoG wavelet tries to ‘tune’ to the signal width, since they both have similar shapes.
This explains, qualitatively, the dependence of figure 5.13.
Figure 5.14 shows HWmax (in blue), HWs0 (in green) and HW
fixedS
max (in red), as
a function of signal standard deviation. Signals of 100 events and mass µ “ 100
GeV are used, no background is added.
The half width at fixed scale increases almost linearly with signal σ, while HWmax
appears to increase more sharply than the other two, but not linearly.
This is due to the fact that the peak width essentially depends on the scale: when
increasing the standard deviation, the scale of the peak increases (as shown in
figure 5.13) and the peak width trend is dominated by the effect of this increase.
65
standard deviation (GeV)
4 6 8 10 12 14 16 18 20
sc
a
le
 in
de
x 
(of
 th
e W
 m
ax
)
25
26
27
28
29
30
31
W peak position in scale vs signal standard deviation: signal only. Nev=100.
Figure 5.13: Scale position of the wavelet transform peak for a signal of 100 events,
mean µ “ 100 GeV and varying it’s standard deviation. No background is present.
Figure 5.14: Half width at zero of peaks of mean 100 events, µ “ 100 GeV and
varying signal standard deviation. No background is added. HWmax (in blue),
HWs0 (in green) and HW
fixedS
max (in red) are plotted together.
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HWs0 (in green) and HW
fixedS
max (in red), are shown in figure 5.15 (a) in the case of
a 100 signal events superimposed to 6000 background events. As expected, they
behave almost the same.
The half widths are affected by large errors and only slightly sensitive to signal σ
and a calibration of signal σ appears to be difficult.
A further check on how much the background affects the signal standard devia-
tion determination has been done doubling the number of signal events. Results
analogous to those of figure 5.15 (a) are shown in figure 5.15 (b) for the case of a
200 events signal peak, superimposed to 6000 uniform background events.
Half width at zero has smaller fluctuations, but the slope of the half width as a
function of σ remains small and with a large uncertainty.
A linear fit of the half width plot has been done in both the 200 events and the
100 events cases. The slopes obtained with the two fits are similar.
Finally, figure 5.16 shows the scale of the wavelet transform maximum for 100 and
200 signal events, added to 6000 events of uniform background. With 200 signal
events, the peak in scale still has a good dependence on the signal σ, while with
100 events it is almost constant and affected by large fluctuations.
Especially in the case of small signals, both signal width and peak position in scale
have only a weak dependence on signal standard deviation.
In general, the wavelet transform is mostly dependent on its scale and it is not
enough sensitive to signal σ to allow a significative extraction of this parameter
from the wavelet analysis.
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(a)
(b)
Figure 5.15: Half width at zero of peaks of mean µ “ 100 GeV and varying standard
deviation over a flat background of 6000 events. HWmax (in blue), HWs0 (in green)
and HW fixedSmax (in red) are plotted together. Plots (a) is obtained with signals of
100 events, plots (b) with 200 signal events.
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Figure 5.16: Scale position of the wavelet transform peak for a signal of 100 events
(a) and 200 events (b), mean µ “ 100 GeV and varying standard deviation. 6000
events of flat uniform background have been added to the signal.
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Chapter 6
Exponentially decreasing
background
The wavelet analysis method has been designed for the treatment of data in which
the background is uniformly distributed [1], [34]. In the data samples considered in
this thesis, the background is sharply decreasing, influencing the results of wavelet
analysis.
The treatment of a decreasing background in wavelet analysis is a new topic,
not described in literature. It must be checked that the method features as the
ones presented in previous chapters are still consistent in the case of a decreasing
background.
In this chapter, the treatment of an exponentially decreasing background adopted
for wavelet analysis is described. The analysis efficiency and dependence on signal
parameters in the case of such a shape of background are evaluated numerically.
6.1 Effects of an exponential background
In real data, the background, as a function of mjj peaks at „ 80 GeV and then de-
creases with an exponential shape. A precise discussion on background fitting will
be presented in section 7.2; in this section, a reasonable modeling of background
is obtained using an exponential shape as reported in equation (6.1). τ “ 80 has
been chosen; it is close enough to values obtained from data fitting to provide a
good example of data background conditions.
fpmq “ Nbkg ev 1
τp1´ eM{τ qe
´m{τ (6.1)
Figure 6.1 shows an example of a gaussian signal of 100 events (mean µ “ 100
GeV, σ “ 15 GeV) superimposed to 6000 background events distributed as (6.1).
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In plots (b) and (d), contour levels have been properly fixed to make the signal
visible.
The wavelet transform appears to be dominated by two big features at high scale,
originated by the background. It has already been observed that the wavelet
transform is computed after subtracting to the data their arithmetic mean. The
low-mass region of the exponential distribution is larger and is seen by the wavelet
as a large peak; similarly, at large mass the distribution is smaller than the global
mean and appears as a negative ‘hole’ in wavelet transform.
From figure 6.1 appears also clear that wavelet transform is effectively able to sep-
arate structures of different dimension, which appear located at different scales.
However, in these conditions the peak is much more confused among background
structures and the detection efficiency appears to be smaller. As in the case of
a flat background, a 100 events signal at 100 GeV often produce a wavelet peak
not located exactly at the correct mass and sometimes does not produce a wavelet
peak at all. Furthermore, if the mean of the signal is in the low mass region of the
interval, the signal is almost indistinguishable from the background maximum.
Figure 6.2 shows some examples with 100 events signals and 6000 events of back-
ground decreasing as (6.1). The signal mean is 100 GeV (plot (a)), 40 GeV (plot
(b)) and 160 GeV (plot (c)). In both the three examples the signal is not detected.
Also, it can be seen that the background maximum also causes an increasing of
fake structures at low masses in the signal scale region, which constitutes a further
problem in signal detection.
To avoid these problems, the method adopted in this thesis is to subtract back-
ground from data before performing the wavelet analysis. However, before moving
to a more accurate description of background subtraction methods, it must be
pointed out that a sufficiently intense signal can be distinguished quite clearly
without background subtraction, if it is located in the higher mass region. In this
case, a tridimensional view of W pm, sq can be useful.
Figure 6.3 shows an example: a signal peak of 200 events, mean µ “ 140 GeV,
σ “ 15 GeV is superimposed to 6000 background events distributed as (6.1). Be-
cause of the presence of the negative ‘hole’ the signal peak results to be more
isolated and has a wider shape than fake peaks appearing at smaller scale.
These features could be used for the definition of a quantitative identification
method that may work without background subtraction. This would require a new
definition of a search algorithm, implementing a quantitative distinction between
a signal peak and background structures. This development of wavelet transform
analysis has not been investigated in this thesis and is left to further study.
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Figure 6.1: Wavelet transform with an exponential background. Gaussian signal:
100 events, mean µ “ 100 GeV, standard deviation σ “ 15 GeV. Exponential
background: 6000 events. (a): invariant mass distribution. (b) wavelet transform
as a function of mass and scale index (tridimensional view). (c) and (d): wavelet
transform as a function of mass and scale (contour level view): in (c) contour
levels are set to cover the whole shape of W pm, sq, in (d) contour level are set do
emphasize smaller features (in particular, to make the signal more visible).
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Figure 6.2: Wavelet transform with an exponential background as a function of
mass and scale. Gaussian signal: 100 events, mean µ “ 100 GeV (a), µ “ 40 GeV
(b), µ “ 160 GeV (c) standard deviation σ “ 15 GeV. Exponential background:
6000 events.
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Figure 6.3: Wavelet transform with an exponential background as a function of
mass and scale. Gaussian signal: 100 events, mean µ “ 140 GeV, standard devi-
ation σ “ 15 GeV. Exponential background: 6000 events.
6.1.1 Background subtraction
In order to more easily distinguish the signal in the case of an exponentially
decreasing background, background subtraction is performed before the wavelet
transform is computed.
The background shape has been determined directly by fitting the data histogram.
Figure 6.4 (a) shows an example: the sample is composed by 6000 events of back-
ground, exponentially distributed, plus 100 signal events with mass µ “ 100 GeV
and standard deviation σ “ 15 GeV. An exponential fit is superimposed. To pro-
vide a more clear plot, the bin width of mass histograms in figure 6.4 has been
enlarged with respect to that used for wavelet analysis.
The fit of background shape is of high importance in this analysis, since the wavelet
transform is sensitive to any structures a poor fit could produce. For this reason,
the fit function should be carefully chosen for any data sample and fit quality
should be checked properly.
Figure 6.4 shows an example of how fit quality is checked. Plot (b) shows the
invariant mass plot after background subtraction, fitted by a constant function.
Figure 6.4 (c) shows the distribution of pulls. If xn is the content of the bin at
mass mn and fpmnq is the fit function evaluated at mn, the pull n is then defined
as in equation (6.2). σn is the standard deviation of the variable xn: being the bin
74
content a Poisson variable, the standard deviation of xn is σn “ ?xn.
n “ xn ´ fpmnq
σn
(6.2)
If the fit is correct, the pull distribution is expected to be a standard normal
Np0, 1q. A gaussian fit is performed in figure 6.4 (c): the results (reported in the
figure) are compatible with a normal distribution with zero mass and standard
deviation equal to one.
The result of background subtraction is shown in figure 6.5. The same data sample
presented in figure 6.4 has been processed via the wavelet transform: plot (a) shows
the wavelet transform after background has been subtracted, plot (b) shows the
wavelet transform without any background subtraction.
The signal peak appears now to be much more evident and larger structures due
to background have been removed.
Details of the method performances when background subtraction is applied are
presented in the following.
6.2 Dependence on signal intensity
The dependence of wavelet peak maximum on number of signal events has been
evaluated after background subtraction.
To evaluate the peak height we have used the maximum of W pm, sq, Wmax, and
the two definitions of maximum at fixed scale W fixedSmax and W pmmax, s0q, as defined
in section 5.2.2.
For consistence with the previous results, the fixed scale index used is js0 “ 29.
Figure 6.6 shows the result for a signal of mean µ “ 100 GeV and standard
deviation σ “ 15 GeV over an exponential background of 6000 events. Wmax
(blue), W fixedSmax (red) and W pmmax, s0q (green) are plotted together.
The linearity is still evident also after background subtraction. A linear fit has
been performed and the three variables resulted to have compatible slopes, a bit
larger than in the case of flat background. The constant term of the fit is bigger
for Wmax, which then seems to be more sensitive to the presence of background.
Table 6.1 summarizes the fit results in the three cases.
The three variables, Wmax, W
fixedS
max and W pmmax, s0q, are both acceptable for
the extraction of the number of signal events. In section 7.2.2 the calibration
for the data sample background conditions is discussed: the calibration method
introduced here will be tested using MonteCarlo simulation that reproduce the
data sample shape, using low signal over background ratios.
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Figure 6.4: Fit of invariant mass shape (a), the invariant mass histogram after
background subtraction fitted with a constant function (b) and the pull distribution
(c). Gaussian signal: 100 events, mean µ “ 100 GeV, standard deviation σ “ 15
GeV. Exponential background: 6000 events. Invariant mass histogram have been
rebinned to provide a more clear picture.
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Figure 6.5: Wavelet transform with an exponential background as a function of
mass and scale. Gaussian signal: 100 events, mean µ “ 100 GeV, standard devia-
tion σ “ 15 GeV. Exponential background: 6000 events. In the plot (a) background
shape from the data fit has been subtracted. In the plot (b) no subtraction is done.
6.3 Efficiency and fakes rate
The efficiency in case of background subtraction has been evaluated using the same
method of section 5.2.2. The contour algorithm (described in section 5.2.2) has
been used for the search of peaks.
The efficiency has been evaluated using samples of 6000 exponential background
events, with a gaussian signal of standard deviation σ “ 15 GeV and mean µ “ 100
GeV (figure 6.7 (a)), µ “ 40 GeV (figure 6.7 (b)) and µ “ 160 GeV (figure 6.7
(c)).
The method appears to be less efficient than it was in the case of uniform back-
ground and data presents greater fluctuations. Also, comparing the case of µ “ 160
GeV (figure 6.7 (c)) with the other two, it can be observed the efficiency increases
more, as a function of the number of events, for signals situated in the upper part
of the mass interval. This is easily explained by the fast decreasing of the back-
ground as a function of the mass. Fluctuations are smaller at higher mass1 and
this affects signal detection efficiency. This effect can be seen in the plot (b) of
figure 6.4, showing the invariant mass plot after background subtraction.
Due to fit problems, the background subtraction can enhance the problem of fake
peaks.
1This because the bin contents are Poisson variables: as the mean decreases, the standard
deviation (i.e. the amplitude of the fluctuation) decreases consequently.
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Figure 6.6: Wmax (blue), W
fixedS
max (red) and W pmmax, s0q (green) for varying num-
ber of signal events (the fixed scale is js0 “ 29). The signal standard deviation is
σ “ 15 GeV. 6000 events of exponential background are added, background subtrac-
tion has been performed. The three variables have bin fitted with a linear function:
fit results are also shown.
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(a)
(b) (c)
Figure 6.7: Detection efficiencies of the wavelet analysis algorithm (the contour
algorithm, described in section 5.2.1) as a function of the number of signal events.
The correspondent signal to background ratio is reported in the upper axis of each
figure. The efficiency is calculated for different signal mean (µ). (a): µ “ 100
GeV (b): µ “ 40 GeV. (c): µ “ 160 GeV. The standard deviation is σ “ 15 GeV.
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W pNevq: exponential background, subtracted.
slope constant term
Wmax 0.037 ˘ 0.0021 2.4 ˘ 0.23
W fixedSmax 0.036 ˘ 0.0025 1.6 ˘ 0.25
W pmmax, s0q 0.038 ˘ 0.0026 1.3 ˘ 0.28
Table 6.1: Results of the linear fit of the three variables used as wavelet trans-
form peak height as a function of the number of signal events. Results with 6000
background events and a gaussian signal of µ “ 100 GeV and standard deviation
σ “ 15 GeV are presented.
The definition of the fake rate is not simple: the bell-shape of the wavelet tends
to simulate peaks also in absence of signal.
On the other hand, in the scale region of acceptable signals (js ě 25), the wavelet
width is large (10-100 GeV): this means that independent maxima are rare at this
scale and the fluctuations of W pm, sq that could result in a fake peak are in fact
eated up by the signal. If the fakes become less, the signal is corrupted by the
background fluctuations.
These are qualitative considerations, but they impliy that the fake rate measured
by counting the peaks found in absence of signal is not a good estimation of the
background when a signal is really there.
However, the amount of fake peaks found in background-only samples, is a param-
eter of interest when applying the wavelet analysis to the search of new structures
in data.
This ‘background-only fake rate’ has been evaluated with an exponentially de-
creasing toy MonteCarlo sample, composed by 6000 events of background and no
signals added. The sample has been analyzed via the contour algorithm2 and using
a mass µ “ 100 GeV to define the center of the acceptance region.
The result is the percentage of fake peaks reported in (6.3).
Rfakes “ 0.567˘ 0.0082 (6.3)
The simple counting is a poor way to define the fakes: a confidence level must
then be defined to evaluate the significance of found peaks.
Before moving to confidence level definition, we have considered the maximum
2The contour algorithm is the same as was described is section 5.2.1, but in this case no
check on the acceptance region is done (i.e. point (4.) of description in section 5.2.1 should be
ignored.
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of W pm, sq: figure 6.8 shows the wavelet transform maximum Wmax (a) and the
maximum moved to fixed scale W pmmax, s0q (b) (the definition is in section 5.2.1):
the height of peaks found in presence of signal (red) and in absence of signal (blue)
is compared.
Expecially in the case of W pmmax, s0q, the peak height in case of signals reach
higher values than that of fake peaks: this means that it is reasonable to fix a
confidence level on the peak height to evaluate the significance of a peak with
respect to background fluctuation.
(a)
(b)
Figure 6.8: Wavelet transform maximum in the case of a background only sample
(blue) and background plus signal sample (red). Plot (a) shows Wmax, plot (b)
shows W pmmax, s0q. Exponential background: 6000 events. Gaussian signal: 100
events, mean µ “ 100 GeV, standard deviation σ “ 15 GeV.
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6.3.1 Confidence level
The definition of significance level used in this thesis has been described in section
4.3.2.
The wavelet transform, W pm, sq, is divided by its standard deviation, computed
using the formula of equation (4.12). The ratio W pm, sq{σpm,sq is compared to the
5% confidence level, defined in equation (4.13).
The confidence level is defined for each bin. If values of W pm, sq in different mˆ s
bins were independent, the high number of bin in the two-dimensional plot of
W pm, sq (more than 40.000) would cause the presence of a non negligible amount
of bins exceeding the computed confidence level.
This is not the case, because there is a strong correlation between W pm, sq at
different scales and masses3 and the fluctuation of wavelet transform in different
m ˆ s bins is constrained by the shape of the wavelet function. This correlation
effect limits the effective number of independent channels in the mˆ s plane.
The estimation of the number of effective independent channel is not simple. The
correlation effect involves a large number of bins for a wide wavelet, therefore the
number of independent channels is smaller at larger scale. The number of fake
peaks exceeding the confidence level in each event should be dependent on the
number of independent channels.
The confidence level has been checked using toy MonteCarlos.
An algorithm has been defined to compute the number of peaks exceeding the
confidence level. It is again based on the contour algorithm.
1. A loop is done, over the contours at a level W0 (as before, W0 “ 0.3). For
each contour in the scale region js ě 25, the contour algorithm finds the
maximum Wmax (a complete description is given in section 5.2.1).
2. We will say that the single contour exceeds the confidence level if its maxi-
mum Wmax is over the confidence level.
The number of contours exceeding the confidence level4 has been computed in the
case of an exponential background-only sample of 6000 events.
The number of peaks in the region js ě 25 exceeding the 95% local confidence
3It is a consequence of the wavelet transform definition (equation 4.11): W pm, sq is practically
the weighted sum of all the bin contents.
4By construction, the points outside the contours have W pm, sq ăW0, therefore the number
of contours exceeding the confidence level corresponds to the number of W peaks exceeding the
confidence level.
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level has been averaged over 100 events, it is reported in equation 6.4.
RoverCLfakes “ 0.46 (6.4)
The fake rate is not negligible, a global confidence level should be calculated to
have more stringent results on the significance of W pm, sq maxima. However, the
definition of a global confidence level for wavelet transform is not simple, due to
the large and not uniform correlation effects affecting the value of W pm, sq at
different masses and scales.
In this thesis, only statistical considerations based on the local confidence level
will be presented, the statistical calculation of a global confidence level is left to
further work.
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Chapter 7
Wavelet analysis of the jet-jet
invariant mass spectrum
The wavelet analysis described so far has been applied to the data samples obtained
with the selection described in chapter 3.
The wavelet transform has been computed in the mass region where Standard
Model signals are expected. The search for new resonances will be presented in
chapter 8.
7.1 W {Z boson
The detection of W {Z boson is made complicated by the presence of a huge back-
ground peak.
Figure 3.7 shows the invariant mass spectrum in the region mjj ď 300 GeV. It
peaks at about 80 GeV, exactly the region where the W {Z resonance is expected.
A fit to the background in this region has been tried, but it resulted impossible to
correctly fit the background shape only. A model dependent fit, using the shape
of the W {Z resonance and the background, was tried but results have not proved
to be stable.
The almost perfect coincidence of W {Z peak and the background maximum has
also confused the wavelet transform: a huge peak is detected, but it result to be
a mixture of signal and background effects. The wavelet transform is not able to
correctly separate the signal and therefore the peak does not provide a significant
measure of the signal intensity.
A solution to this problem is to improve the basic selection presented in this the-
sis. In particular, if boosted events are considered1 the background peak can be
1Basically, boosted events are selected by applying a cut on the pT of the jet pair as p
jj
T ą
2 ˚ pthrT , where pthrT is the jet transverse momentum threshold.
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‘moved’ to lower mass, separating the signal and background peaks. The devel-
opment of this topic requires an accurate work not done in this thesis and it has
been left to further analysis.
7.2 Results in the r100, 200s GeV mass region
The wavelet transform has been computed in the mass region mjj P r100, 200s
GeV.
This range is of particular interest since it covers the Higgs boson mass (mH “ 126
GeV). From theoretical considerations (briefly discussed in chapter 1), a few Higgs
boson decay in jet pairs events should be present at the Higgs’ mass. In the fol-
lowing, the analysis done to the r100, 200s GeV sample and the results obtained
are presented.
The exponential background subtraction has been performed before computing
the wavelet transform. Data has been fitted to determine the background sample.
To have a good fit quality, the background peak must be excluded from the fit
range. For this reason, the mass range inferior limit cannot be moved to masses
lower than 90-100 GeV.
A decreasing exponential has been used to parametrize the background. To im-
prove on the fit quality, the whole mass range has been used to obtain a first guess
of the function parameters. The fit was then refined by excluding the Higgs mass
range from the fit to avoid possible biases. Since the Higgs’ signal is very small
the fit did not appreciably change.
Figure 7.1 and 7.2 show the fit results respectively for muon and electron chan-
nel2. In both figures the plot (a) shows the invariant mass spectrum fitted with
a decreasing exponential and plot (b) shows the invariant mass spectrum after
background subtraction, fitted by a constant. Finally, plot (c) shows the pull dis-
tribution (defined in section 6.1.1), fitted by a standard normal Np0, 1q.
In both the muon and electron channel the pull distribution is well fitted by a
standard normal distribution. The mass spectrum after background subtraction
oscillates quite uniformly with respect to a constant term compatible with zero.
For the purposes of this thesis, this level of precision in modeling has been ac-
cepted. A more precise background modeling is left to the optimization to be
done in further work.
After background subtraction, the wavelet transform of mass histograms of figure
7.1 (b) and 7.2 (b) have been computed.
2Electron and muon channel are defined in section 3.2: in muon channel the semileptonic W
decays in W Ñ µν, in electron channel it decays in W Ñ eν.
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Figure 7.1: Fit quality for jet-jet invariant mass spectrum in the region mjj P
r100, 200s GeV, muon channel. (a): fit of invariant mass shape. (b): the invariant
mass histogram after background subtraction fitted with a constant function. (c):
and the pull distribution. Fit results are reported.
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Figure 7.2: Fit quality for jet-jet invariant mass spectrum in the region mjj P
r100, 200s GeV, electron channel. (a): fit of invariant mass shape. (b): the invari-
ant mass histogram after background subtraction fitted with a constant function.
(c): and the pull distribution. Fit results are reported.
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The result is shown in contour view in figure 7.3 for muon channel and 7.4 for
electron channel, figure 7.5 and 7.6 shows the same results in tridimensional view.
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Figure 7.3: Wavelet transform (W pm, sq) of the invariant mass spectrum of two
jets associated with a W decaying leptonically in W Ñ µν (muon channel): contour
view. The wavelet transform has been computed in the mass region mjj P r100, 200s
GeV, after background subtraction. It is represented as a function of mass and
scale. The black line indicates the cone of influence (see section 4.2.3).
In both channels there is a clear peak in the scale region compatible with physical
structures. From the plots, the peak mass appears to be about m „ 130 GeV.
A pure qualitatively consideration is that both the peaks have shapes quite similar
to the ‘smoothed triangle’ of the examples presented in chapter 5.
The contour algorithm (section 5.2.1) has been used to estimate the mass of the
peak in electron and muon channel.
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Figure 7.4: Wavelet transform (W pm, sq) of the invariant mass spectrum of two
jets associated with a W decaying leptonically in W Ñ eν (electron channel):
contour view. The wavelet transform has been computed in the mass region mjj P
r100, 200s GeV, after background subtraction. It is represented as a function of
mass and scale. The black line indicates the cone of influence (see section 4.2.3).
89
The contour algorithm finds the wavelet maximum Wmaxpmmax, smaxq in the scale
region js ě 25: the mass mmax at which the maximum in found is used to estimate
the peak mass.
Figure 7.5: Wavelet transform (W pm, sq) of the invariant mass spectrum of two
jets associated with a W decaying leptonically in W Ñ µν (muon channel): tridi-
mensional view. The wavelet transform has been computed in the mass region
mjj P r100, 200s GeV, after background subtraction. It is represented as a function
of mass and scale.
The uncertainty on mmax is given by the scale of the maximum smax: in section
5.2.2 it has been shown that standard deviation of signals only weakly effects the
wavelet transform width, which mostly depends on the scale. For this reason the
scale smax is the better estimator for mass uncertainty
3.
The peak masses found in this way for the two channels are listed in table 7.1.
The peak masses in the two channels are compatible to each other. Also they are
compatible with the Higgs boson mass as measured by the CERN experiments AT-
LAS (mH “ 126˘ 0.4 pstatq˘ 0.4psysq GeV) and CMS (mH “ 125.3˘ 0.4 pstatq˘
0.5psysq GeV) [7],[8].
Due to the jet energy resolution, the width of any resonance in dijet invariant mass
3This choice is consistent with definition of the acceptance region for the calculation of
efficiency proposed in section 5.2.1.
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Figure 7.6: Wavelet transform (W pm, sq) of the invariant mass spectrum of two
jets associated with a W decaying leptonically in W Ñ eν (electron channel):
tridimensionalview. The wavelet transform has been computed in the mass region
mjj P r100, 200s GeV, after background subtraction. It is represented as a function
of mass and scale.
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Detected peak mass (GeV)
Muon channel 131˘ 14
Electron channel 125˘ 10
Table 7.1: Mass of the peak detected in dijet invariant mass spectrum via the
wavelet analysis in electron and muon channel. The mass range mjj P r100, 200s
has been used. The mass is the mass of the wavelet transform maximum, while its
uncertainty is given by the scale of the wavelet transform maximum.
spectrum is expected to be of the order of 15 GeV. The uncertainties on the mass
value, are therefore of the expected order of magnitude, but a bit smaller than jet
energy resolution. However, here the purpose is to evaluate the results of wavelet
analysis method applied to real data: in the case this method is used to provide
a measure of any particle mass, uncertainties should be more carefully evaluated
considering the effects of systematics.
Finally it must be pointed out that here the scale smax is not an estimator of signal
standard deviation (as described in section 5.2.2). Therefore, no considerations on
the signal width will be done via this method.
The conclusions on the evidence of a mass peak at mjj „ 126 GeV has been vali-
dated by repeating the analysis changing the mass range used for wavelet transform
calculation. In this way we have more evidence that the structures are not a by-
product of the boundaries.
The wavelet analysis has been applied to data moving the mass range to bigger
and smaller values. To avoid the background peak, it is impossible to check the
method result with strong variations of the mass range: checks have been done
using ranges mjj P r90, 190s GeV and mjj P r110, 210s GeV, results are reported
in table 7.2, while figure 7.7 shows the contour plots in the four cases.
The masses found in the three ranges are compatible. The maximum scale smax is
smaller in the mjj P r110, 210s GeV, while it slightly increase when mjj P r90, 190s
GeV. The reason is that when the peak is close to the range edge, a larger wavelet
is more influenced by edge effects (see section 4.2.3) which tends to reduce its
height. For this reason, the peak is found at a smaller scale when the interesting
mass region is closer to the edge.
For the same reason, it can be seen (figure 7.7) that the peak of the wavelet trans-
form also tends to be higher when located in a more central region of the mass
interval. This is not always possible, because a good fit quality is also needed and
therefore the background peak must be excluded from the mass range used in the
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Figure 7.7: Wavelet transform (W pm, sq) of the jet-jet invariant mass spectrum for
different mass ranges. The wavelet transform has been computed after background
subtraction, it is represented as a function of mass and scale. (a): Muon channel,
mass range mjj P r90, 190s GeV. (b): Electron channel, mass range mjj P r90, 190s
GeV. (c): Muon channel, mass range mjj P r110, 210s GeV. (b): Electron channel,
mass range mjj P r110, 210s GeV.
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mass range (GeV) Detected peak mass (GeV)
Muon channel Electron channel
r90, 190s 129˘ 17 129˘ 21
r110, 210s 132˘ 10 126˘ 7.5
Table 7.2: Mass of the peak detected in dijet invariant mass spectrum via the
wavelet analysis in electron and muon channel for different mjj ranges. The mass
is the mass of the wavelet transform maximum, while its uncertainty is given by
the scale of the wavelet transform maximum.
analysis.
For this analysis, we keep the mass interval mjj P r100, 200s GeV, because the
peak of the background is completely outside the fit range and the interesting
mass region is not too close to the edges.
Another check of the obtained results have been done by dividing the muon sample
into two subsamples, each composed by half of the muon sample statistics, and
repeating the analysis for each subsample separately. The same check has not been
done with electron channel because in this case the statistic is much smaller4 and
a further division would compromise the quality of the result.
Figure 7.8 shows the wavelet transform computed for the two subsamples of muon
channel in the mass range mjj P r100, 200s GeV, a peak is visible in both the
plots. The masses (mmax) of the two maxima in figure 7.8 have been found via
the contour algorithm, as applied previously in this section; they are listed in table
7.3. As has been done in the case of the full data sample, the uncertainties over
measured masses are the scales smax at which the maximum has been found.
The results obtained with the two subsamples are compatible with both the results
from the whole sample and the Higgs’ mass reported in literature.
Signal peak without background subtraction
In section 6.1, it was observed that a signal over a decreasing background could
also be visible without background subtraction if the mass range is moved to put
the signal in the upper side of the interval (an example was given in figure 6.3). In
this way, the negative valley that appears in the upper side of the range reduces
the background around the signal that can appear as a larger and more isolated
4247086 events are recorded in the electron channel sample and 522804 events in muon
channel sample
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Figure 7.8: Wavelet transform (W pm, sq) of the jet-jet invariant mass spectrum for
different mass ranges: muon channel. The wavelet transform has been computed
after background subtraction, it is represented as a function of mass and scale.
The analysis has been repeated independently using the subsamples A and B, each
containing half of the original muon channel sample.
peak.
This method has not been developed in a quantitative way, but has been applied
to data as a further qualitative check on the detected structures before moving to
quantitative signal significance.
The mass range has been moved to the region mjj P r60, 160s GeV and wavelet
transform W pm, sq has been computed without subtracting the background. Fig-
ure 7.9 shows the result for muon (plot (a)) and electron (plot (b)) channel.
The structure in the mass region mjj “ 120 - 130 GeV is still clearly visible; in
both channels it appears to have a wider shape than other background peaks and
to have a good isolation. The quantitative analysis of unsubtracted data is more
difficult than with subtracted ones. For this thesis we will use unsubtracted data
to prove that the structures persist and are not produced by subtraction.
Due to the lack of quantitative development with unsubtracted data, no further
statements can be done about the plots in figure 7.9.
7.2.1 Significance of the peak
The method used for the calculation of confidence level has been described in sec-
tion 6.3.1. The same method is now applied to the peaks found in electron and
muon channel after background subtraction, using the mass range mjj P r100, 200s
GeV.
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Figure 7.9: Wavelet transform (W pm, sq) of the jet-jet invariant mass spectrum
for different mass ranges without background subtraction. It is represented as a
function of mass and scale, mass range mjj P r100, 200s GeV have been used. (a):
Muon channel. (b): Electron channel.
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Detected peak mass (GeV): muon channel
Subsample A 138˘ 17
Subsample B 128˘ 12
Table 7.3: Mass of the peak detected in dijet invariant mass spectrum via the
wavelet analysis in muon channel. The analysis has been repeated independently
using the subsamples A and B, each containing half of the original muon chan-
nel sample. The mass is the mass of the wavelet transform maximum, while its
uncertainty is given by the scale of the wavelet transform maximum.
The 95% confidence level is computed and compared to the wavelet transform
maximum divided by it’s standard deviation Wmaxpmmax, smaxq{σpmmax,smaxq.
Figure 7.10 shows the ratio W pm, sq{σm,s at fixed scale s “ smax, a red line has
been drawn to indicate the 5% significance level. Both muon channel (plot (a))
and electron channel (plot (b)) are significative at 95% confidence level.
(a) (b)
Figure 7.10: Wavelet transform of the jet-jet invariant mass spectrum for different
mass ranges divided by its standard deviation (W pm, sq{σm,s): projection at the
scale s “ smax where the peak maximum have been found. The wavelet transform
has been computed after background subtraction. (a): Muon channel. (b): Electron
channel. The 95% confidence level is indicated by the red line.
The confidence level can also be represented in the m ˆ s plane. Figure 7.11
shows the ratio W pm, sq{σm,s as a function of mass and scale index js for electron
and muon channel. A black contour has been fixed to the 5% confidence level.
As already pointed out in section 6.3.1 the confidence level considered here is a
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local confidence level, computed bin-by-bin. This explains the peaks exceeding the
confidence level at small scale in figure 7.11: if the scale is small, the number of
independent channels in mˆs plane is large, consequently the number of channels
exceeding the 5% local confidence level is expected to be large too.
In any case, it must be pointed out that the significance level has been defined
and tested only in the region js ě 25, any structures passing the confidence level
in the excluded region js ă 25 should not be considered as a physical effects.
The results presented here are based on the local confidence level: more precise
considerations on the significance of the signal peak could be done via a global con-
fidence level. Due to the difficulties in defining a global confidence level for wavelet
transform (the values of W pm, sq at different masses and scales are correlated), this
topic has not been developed in this thesis.
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Figure 7.11: Wavelet transform of the jet-jet invariant mass spectrum for different
mass ranges divided by its standard deviation (W pm, sq{σm,s) as a function of mass
and scale. The wavelet transform has been computed after background subtraction.
(a): Muon channel. (b): Electron channel. The 95% confidence level is indicated
by a black contour.
7.2.2 Determination of signal parameters: calibration
In chapter 5 it has been shown that the maximum of wavelet transform Wmax de-
pends linearly on the number of signal events. Also, it has been observed that this
dependency must be appropriately calibrated depending on the particular back-
ground (slope and intensity) of the sample.
The calibration of chapter 5 was done using background samples of 6000 events
and showed a clear linear dependence. In real data, the background is much larger
than the one used in the first calibration: the muon data sample is composed by
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522804 events, while the electron data sample by 247086 events, covering a mass
spectrum up to about 2 TeV. In the region mjj P r100, 200s GeV, the jet-jet in-
variant mass spectrum is well fitted by a decreasing exponential (section 7.2).
We thus have to evaluate W pm, sq with a much larger background, while the signal
intensity should be about of the same order as before. This affects the structure
of wavelet transform peaks.
Since invariant mass histogram bin contents are Poisson variables, the higher is the
background, the larger is the bin content fluctuation. Therefore, after background
subtraction, the main effect of the large background is that residual flat back-
ground has very large fluctuations. This effect can be seen in figure 7.1 (b) and
7.2 (b), showing the invariant mass plot after background subtraction for muon
and electron channel.
The peaks in the wavelet transform are therefore subject to a higher variability
in shape, scale position and width, depending on background fluctuation of each
simulated experiment.
Depending on the amount of background, the wavelet transform may not be able
to detect the whole gaussian signal. If background is too large, only the part of
the signal in which the density of events is larger (i.e. near the maximum of the
signal) will appear separated from the bulk of events. Thus the narrow wavelets
will have most of the information and the peak of W pm, sq will appear at small
scale.
The calibration strategy described in section 5.2.2 and 6.2 was based on Monte-
Carlos, simulating experiments in which both the signal and the background were
generated. If the background is small, as was in sections 5.2.2 and 6.2, the analy-
sis of each experiment did produce a consistent picture: the maximum of W pm, sq
(any of the three definitions given in section 5.2.2) is proportional to the number of
signal events, with a small constant term due to intrinsic background fluctuations.
The case of a huge background is more complicated. Because of the effect de-
scribed before, a fraction of the signals produce peaks located at scale index lower
than 25, i.e. outside the accepted region (js ě 25) used for the contour algorithm
in previous section. Therefore the contour algorithm will become less efficient in
detecting the signal.
Furthermore, the effect of background fluctuation on the height of wavelet trans-
form peak can become as large as the one produced by the signal intensity.
Figure 7.12 shows the wavelet transform maximum Wmax, computed for toy Mon-
teCarlo samples of background exponentially distributed5 and gaussian signals of
mean µ “ 126 GeV, standard deviation σ “ 15 GeV and varying number of events.
In section 5.2.2, three definitions of wavelet transform maximum were given, one
at varying scale and two at fixed scale.
5The slope of the exponential is the one taken from data fit.
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In these background conditions, the W pm, sq maxima at fixed scale had to be
abandoned: the peak position in scale is subject to large fluctuations and thus the
fixed scale s0 can be far from the wavelet peak and thus insensitive to the presence
of the signals. The maximum Wmax plotted in figure 7.12 is then the one found
by the contour algorithm (section 5.2.2) over the bi-dimensional contour.
To reduce the contamination of fake peaks in calibration, the contour algorithm
has been slightly modified with respect to the definition of section 5.2.2. A loop
is done over all the contours: if more than one is found in the acceptance region
(mmax P rµ ´ smax, µ ` smaxs) the one closest to the added signal mass (µ “ 126
GeV) is taken and used for calibration. From figure 7.12, Wmax appears to still
have a linear dependence on the number of signal events, the slope is about one
order of magnitude smaller than that obtained in section. Wmax is therefore only
slightly dependent on the number of events.
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Figure 7.12: Wmax for varying number of signal events. The signal mean is µ “ 126
GeV and the standard deviation is σ “ 15 GeV. The exponential distribution of
background reproduces the actual data in shape and number of events, background
subtraction has been performed.
In these conditions, the precision in background modelling provided by fit and toy
MonteCarlos, that was acceptable for applications described previously, could not
be sufficient to perform an adequate calibration of the dependence on the signal
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intensity.
As already mentioned, the huge background affects the signal detection, increasing
the peak variability and eventually making it to appear outside of the scale region
js ě 25. The contour algorithm used for peak detection needs then to be refined to
operate in these conditions and also more carefully checked to avoid any eventual
bias. In particular, the region of accepted scales and the criteria followed to select
the contours used for calibration must be optimized.
In conclusion, the calibration performed via toy MonteCarlo simulation must be
refined, both in terms of background modeling and peak search, to provide accept-
able results. This task needs further and accurate analysis, much beyond the time
availability of this thesis work.
Alternatively, the development of an algorithm of wavelet analysis performed with-
out background subtraction could allow to avoid this problem.
In any case, it must be pointed out that background variability and contour search
algorithm problems are important essentially for the method calibration performed
via toy MonteCarlo. In real data analysis, we are dealing with only one mass spec-
trum, and therefore one single background sample. Therefore, we are not subject
to problems related to the variability that appears when performing many test on
many MonteCarlo samples.
7.2.3 Calibration at fixed background: signal subtraction
In previous section it has been discussed how the standard calibration method
cannot be applied without a specific analysis.
An alternative approach has been tried to avoid the problems connected with
the high variability of the background samples. Since background variations are
difficult to control, a possible solution is to fix the background distribution to what
observed in real data and perform a calibration by varying the signal intensity.
A simple way to use the background distribution of data, being able to variate
the signal intensity, is to subtract a gaussian signal of known mass µ “ 126 GeV
and standard deviation σ “ 15 GeV6 from the data themselves. The basic idea is
to subtract a signal of varying intensity until the wavelet transform would not be
able to detect a peak any more: the number of events subtracted at this point can
be taken as an estimation of the number of signal events.
In general, the direct calibration method discussed in section 5.2.2 and 6.2 would be
preferred. In this particular condition of the background the subtraction method
can be a usefull alternative way to estimate the number of signal events, eventually
providing a check for results obtained with the standard method.
6The resonance standard deviation is known to be about 15 GeV because it is dominated by
jet energy resolution.
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An essential point of the method suggested above is to quantitatively evaluate
when the wavelet does not detect any more signal: an index should be defined to
evaluate how the wavelet transform is ‘flat’.7
A useful feature for this task is the definition of entropy introduced by Shannon
in the theory of communication and transmission of information. The Shannon
entropy quantifies the unevenness of a probability distribution [36].
Given a random variable Z with a finite set of possible values tz1, ...., znu, the
Shannon entropy is defined as reported in equation 7.1, where p is the probability
distribution of variable Z.
HpZq “ ´
znÿ
zi“z1
ppziq log2pppziqq “ ´ 1ln2
znÿ
zi“z1
ppziq lnpppziqq ě 0 (7.1)
In particular, the minimum HpZq “ 0 corresponds to a variable with a determined
outcome i.e. with a fully localized probability distribution ppz0q “ 1 and ppzq “ 0
for z ‰ z0. At the opposite, HpZq is maximal for a uniform distribution. Also,
the Shannon entropy is dependent only on the probability distribution and not on
the random variable itself [36].
To use this variable for the evaluation of wavelet transform, W pm, sq must be
adapted to respect the conditions of a probability distribution, i.e. having unitary
integral and being non-negative.
Starting from W pm, sq, a few passages are followed to build the Shannon entropy
H.
1. It is assumed that the wavelet transform W pm, sq has a peak at the mass
mmax and scale smax: the analysis is restricted to a small region in mass and
scale, centered on pmmax, smaxq. The dimension of this region are not strictly
fixed, they can be variated to include the whole signal peak, excluding other
structures8.
2. The integral I` of the wavelet transform is computed by summing up all the
positive values of W pm, sq inside the region previously fixed.
3. The distribution pW is defined as in equation 7.2. The Shannon entropy
is computed following definition 7.1, this results in the entropy HpW q of
equation 7.3.
pW pm, sq “
"
W pm, sq{I` if W pm, sq ą 0
0 if W pm, sq ď 0 (7.2)
7Negative valleys are not considered as signal features: the used index should be sensitive
only to the wavelet transform positive peaks.
8The usual dimensions are 15 or 20 GeV in mass and ˘10 in scale index. Only small variation
around these values have been made.
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HpW q “ ´ 1
ln2
ÿ
m,s
pW pm, sq lnppW pm, sqq (7.3)
It must be pointed out that the mˆ s region where the entropy is computed can
be chosen among the whole scale interval, i.e. it can cover also the region js ă 25.
For this first trial, the choice of the scale region is made simply by centering it on
the wavelet peak position.
Therefore, the analysis is performed starting from signal plus background sample:
a well defined gaussian signal is subtracted to the invariant mass histogram. Fixed
the invariant mass sample, a m ˆ s region is chosen and the entropy HpW q is
computed over this region for varying number of subtracted signal events. HpW q
is then plotted as a function of the number of subtracted events.
If a maximum, or a sharp variation of the trend of entropy as a function of number
of subtracted events is found, than the corresponding number of subtracted events
is an estimation of the number of signal events.
The method has to be validated using MonteCarlo simulated experiments to ver-
ify that no bias is present in the evaluation of signal events and to measure the
expected resolution of the method. Figure 7.13 shows an example obtained with a
MonteCarlo background distribution simulating slope and number of events of real
data, a gaussian signal of 500 events, mean µ “ 126 GeV and standard deviation
σ “ 15 GeV has been added. The entropy plot has a peak compatible with 500
signal events.
This method is not expected to provide high precision measurements, but it can
be used to provide a first estimation of the number of signal events.
The resolution of the method have been evaluated using MonteCarlo simulation as
the one used for figure 7.13. An important point is that now MonteCarlo is used
only for the evaluation of method resolution: no calibration constant are extracted
from toy MonteCarlo.
The procedure used for figure 7.13 has been repeated simulating several exper-
iments. In each experiment 500,1000,1500 signal events have been injected to
simulate the signal. In each experiment the signal has been ‘eroded’ by precise
steps (50 events each step); entropy is computed at each step. When the slope
of the entropy versus the events subtracted suddenly change, the number of sub-
tracted events corresponding to the point where the slope changes is taken as an
estimation of the number of signal events. Results obtained with this method are
reported in table 7.4.
The uncertainties reported in table 7.4 are statistical uncertainties obtained from
averaging over a number of trials.
In a model of background with an exponential shape these results show that the
subtraction method works in average with an acceptable precision. We have not
tested the method with a background not exactly exponential and evaluated the
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Figure 7.13: (a): wavelet transform (W pm, sq) of a gaussian signal of 500 events
mean µ “ 126 GeV and standard deviation σ “ 15 GeV over an exponentially
decreasing background fitted to real data. W pm, sq is computed in the mass re-
gion mjj P r100, 200s GeV after background subtraction. (b): Shannon entropy
computed for the wavelet transform of the sample of plot (a), in the mˆ s region
marked by a rectangle in plot (a), after the subtraction of a gaussian signal of mean
µ “ 126 GeV, standard deviation σ “ 15 GeV and varying number of event. It is
represented as a function of the number of subtracted events.
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Number of signal inserted events Average number of events
measured with subtraction method
500 522˘ 40
1000 1025˘ 40
1500 1490˘ 30
Table 7.4: Number of events measured with the signal subtraction method for dif-
ferent intensity of MonteCarlo signals. Average over 10 trials. Statistical uncer-
tainties are reported.
systematics of the method in these conditions.
Since it will not be easy to quantify ”not exactly exponential”, we have limited
ourselves to perform statistical tests on the agreement of the real background with
the exponential shape. All the tests have been successful, as can be seen from
figure 7.1 and 7.2.
The possibility of abnormal fluctuation of the background which would be included
in the wavelet calculation9 cannot be excluded. The evaluation of this systematic
effect has been done by taking the largest fluctuation in the sample of Toy Mon-
teCarlos used to evaluate the subtraction method.
In some MonteCarlo events the shape of the entropy, as a function of number of
subtracted events, does not show a marked maximum. From these observations,
we concluded to use a systematic uncertainty of ˘200 events.
The method of signal subtraction has been applied to real data in both electron and
muon channels: figure 7.14 shows the wavelet transform and the entropy HpW q
plotted as a function of the number of events subtracted at mass µ “ 126 GeV.
In both electron and muon channel the entropy shows a clear maximum, the cor-
responding number of events are reported in table 7.5, the systematic uncertainty
˘200 has been used as uncertainty of these measures.
It has been possible to obtain a quantitative result based on wavelet analysis in
the real data background conditions. We cannot however claim that we have mea-
sured only signal events; the bump detected by the wavelet analysis may have
contribution from the background and we have not yet succeeded to completely
isolate it.
Improvements on these methods are left to further work.
The number of signal events Nev can be compared to the number of expected
events Nex, computed via the formula of equation 7.4, in which σprod is the HW
9The background is in average zero, since we have subtracted it, but only if the model of
background is exact.
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Muon channel
Electron channel
Figure 7.14: (a): wavelet transform (W pm, sq) of the invariant mass spectrum
of two jets associated with a W decaying leptonically in W Ñ eν (on the top,
muon channel, on the bottom, electron channel), computed in the mass region
mjj P r100, 200s GeV after background subtraction. (b): Shannon entropy com-
puted for the wavelet transform of muon channel data, in the mˆ s region marked
by a rectangle in plot (a), after the subtraction of a gaussian signal of mean µ “ 126
GeV, standard deviation σ “ 15 GeV and varying number of event. It is repre-
sented as a function of the number of subtracted events.
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Number of events in the wavelet bump
measured with the signal subtraction method
Muon channel 1250˘ 200
Electron channel 1100˘ 200
Table 7.5: Number of events measured with the signal subtraction method for real
data sample in muon and electron channel. Systematic uncertainties are reported.
associated production cross section (details are reported in section 1.1.1), L is the
integrated luminosity (here L “ 4.702 fb´1), BR accounts for the branching ratios
of H Ñ jj and W Ñ lν and ε is the selection efficiency.
Nex “ ε ¨BR ¨ σprod ¨ L (7.4)
The HW associated production cross section has been computed theoretically:
σprod “ 0.558`3.7%´4.3% pb (as reported in table 1.1), the branching ratios for W and
H decays are listed in table 1.3 and 1.2.
Concerning the efficiency, the term ε in equation 7.4 is the product of several fac-
tors. In the sample selection, events are triggered requiring a semileptonic W : the
acceptance of this requirement over the W produced in the process pp Ñ WH is
in general different from that of the diboson signal, since the mass region is differ-
ent. The jets of Higgs decay are mostly b-jets, while this is not the case for jets
resulting from W decay. In this selection, no b-tagging has been applied on jets,
however the acceptance of jet selection over the jets from Higgs’ decay and from
W decay could be different. Also, the angular distribution of jet from H decay
could be different from that of jets from W decay10.
Unfortunately, when a signal at the Higgs’ mass was detected there have been no
time to request for MonteCarlo Higgs samples and compute the correct efficiency
of the performed selection in this particular channel. Therefore, a precise compu-
tation of the number of expected events can not be done.
However, we can compute the number of produced Higgs events in this channel,
simply eliminating the factor ε from equation 7.4. Roughly, the result is given in
(7.5).
Nex “ BR ¨ σprod ¨ L „ 200 (7.5)
The results in table 7.5 are thus not compatible with Standard Model expectation.
As previously observed, the wavelet transform is sensitive both to signal and back-
ground fluctuations. Due to the large width of wavelet function at signal scales,
10The Higgs boson is a scalar particle, while the W is a vector particle
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background structures could be eaten up by the W(m,s) peak of the signal. In
such a case, by erasing the wavelet transform peak, we overestimate the number
of signal events to subtract.
In MonteCarlo studies this case is quite rare, since the background shape has been
generated to be exponential. In real data, however, the [100,200] GeV mass range
is close to the background peak: despite the fit quality is sufficiently good to avoid
fake peaks, there could still be imperfections at masses from 100 GeV to „ 150
GeV that could be included in the signal peak. This could be an explanation for
the high number of signal events detected with signal subtraction.
Further work is needed to clarify this possibility and provide a better estimation
of signal intensity in this case. For now, we cannot exclude such effects: therefore
the results of table 7.5 are more correctly considerate as upper limits.
108
Chapter 8
Search of new physics via the
wavelet analysis
A final study in the research of resonances in the invariant mass spectrum of jet
pairs associated with a leptonically decaying W , is the search for eventual new
physics processes, not predicted by the Standard Model.
Data in the higher mass region, mjj ě 150 GeV, has been analyzed by wavelet
transform.
Specifically, the wavelet transforms are computed in a mass range of about 100
GeV. Starting from 150 GeV, this mass range has therefore been moved upwards
in steps of 50 GeV. The various plots that are presented below overlap by 50 GeV.
This method has been decided to avoid that part of the mass range is analyzed
only in the edges of mass intervals: due to edge effects, structures detected at the
edge of the mass interval are less reliable.
Also, the overlap between successive intervals allows to cross check any eventual
structures observed in a certain mass range.
Figures 8.1, 8.2, 8.3, 8.4, 8.5, 8.6, 8.7 and 8.8 shows the results for muon and
electron channel. For each mass interval, the mjj distribution have been fitted
with a decreasing exponential. The background has then been subtracted and the
wavelet transform has been calculated. Each figure shows the statistical quality of
the background subtraction and the wavelet transform, plotted as a function off
mass and scale.
The muon channel
A short summary of muon channel results is shown in figure 8.1, 8.2, 8.3, 8.4 for
the different mass intervals.
In each figure the two plots at left show the quality of the background fit: the top
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plot is data fit with an exponential, the bottom one is the pull distribution. If the
fit is acceptable, the distribution of pulls is a standard Normal distribution. From
these plots we can judge how good the fit is. A poor fit would produce fake peaks
in the wavelet transform of subtracted data.
From figures 8.1, 8.2, 8.3, 8.4, it can be seen that the fit quality get worse with
the increasing of mass, as the statistic decreases: at masses mjj Á 500 GeV the
fit quality starts to be not sufficiently good to obtain reliable results. In this mass
region the wavelet transform is clearly affected by the bad quality of fit, resulting in
an heavy peak in the lower mass part of the interval (figures 8.4, of the same kind
of the ones appearing when the wavelet analysis is performed without background
subtraction (see figure 6.1 (c) as an example).
Due to the low statistic, no wavelet analysis has therefore been tried in the higher
mass region mjj Á 600 GeV.
Table 8.1 summarizes the results of the wavelet transform of muon channel data
in various mass intervals. In whole the mass ranges wavelet transform peaks at
low scale have not been considered.
Muon channel
mass range (GeV) fit quality results of wavelet transform
r150, 250s acceptable no structure is visible
r200, 300s acceptable no structure is visible
r250, 350s poor a small structure at mmax » 295 GeV
and scale smax » 5 GeV
r300, 400s poor a structure at mmax » 385 GeV
and scale smax » 5 GeV
r350, 450s poor a structure at mmax » 385 GeV
and scale smax » 6 GeV
r400, 500s poor no structure is visible
r450, 550s poor no structure is visible
r500, 600s very poor a structure at mmax » 530 GeV
and scale smax „ 10 GeV,
probably due to fit problems
Table 8.1: Results of wavelet analysis applied in the high mass region 150 ď mjj ď
600 GeV, in mass intervals of 100 GeV. Muon channel.
A small structure has been detected at mmax » 295 GeV, but it is not reproduced
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in the mass range r300, 400s GeV. It could be a fake peak, or it could have been
lost because too close to the edges of the interval.
Another structure, at mmax » 385 GeV, is reproduced in the two mass ranges
(r300, 400s and r350, 450s). However the fit quality is rather poor.
The structure found at mmax » 530 GeV is most probably a consequence of a bad
fit.
The electron channel
Results in electron channel are summarized by figure 8.5, 8.6, 8.7, 8.8. The same
considerations presented for muons holds for this channel. The mass spectrum is
still fitted with an exponential function; as was for muon channel, the fit quality
gets worse for higher masses. Since the statistics for electron channel is about half
of that for muon channel, the fit becomes bad at lower masses than for muons,
however, intervals up to mjj “ 600 GeV have been shown for comparison.
The results are summarized in table 8.2. As done before, peaks at low scales have
not been considered. A structure has been found at mmax » 310 GeV, but it is
not visible for s ą 1 in the r300, 400s mass range.
Other two objects, at mmax » 360 GeV and mmax „ 420 GeV, are visible in both
mass ranges.
The requirement that structures appear at compatible masses in overlapping mass
intervals, has been used as a very basic search strategy. Peaks that does not passes
this cross check are more likely to be fake effects.
Some peaks have been found that appear in two overlapping mass intervals. The
contour algorithm (section 5.2.1) has been used to evaluate more precisely the mass
of those peaks, the resulting masses are summarized in the following, uncertainties
are given by the scale at which each peak have been found. The contour algorithm
has been applied to both the overlapping mass intervals: the difference between
masses measured in overlapping interval was considerably smaller than masses un-
certainties, the value listed afterwards are therefore intended to be common to the
two intervals.
Muon channel :
• mpeak “ 385˘ 6 GeV (figures 8.2 (b) and 8.3 (a))
Electron channel :
• mpeak “ 360˘ 6 GeV (figures 8.6 (b) and 8.7 (a))
• mpeak “ 424˘ 6 GeV (figures 8.7 (b) and 8.8 (a))
111
Electron channel
mass range (GeV) fit quality results of wavelet transform
r150, 250s acceptable no structure is visible
r200, 300s acceptable no structure is visible
r250, 350s poor a structure at mmax » 310 GeV
and scale smax » 10 GeV
r300, 400s poor a small structure at mmax » 360 GeV
and scale smax „ 5 GeV
r350, 450s very poor - a small structure at mmax „ 360 GeV
and scale smax „ 4 GeV;
- a structure at mmax „ 420 GeV
and scale smax » 5 GeV
r400, 500s very poor a structure at mmax „ 420 GeV
and scale smax » 3 GeV
r450, 550s very poor a structure at mmax „ 490 GeV
and scale smax » 8 GeV
r500, 600s very poor no structure is visible
Table 8.2: Results of wavelet analysis applied in the high mass region 150 ď mjj ď
600 GeV, in mass intervals of 100 GeV. Electron channel.
None of the found maximum have any correspondent peak in the other channel.
Also, the fit quality in the intervals where the peaks were found was not very good.
An accurate analysis in the specific background conditions should be done to be
able to add any more comments to this result. In this thesis, the needed work has
not be done due to lack of time.
Because the topic is of high interest, we have decided to present the row wavelet
analysis, as it appeared at this first inspection. We have avoided all comments on
the significance of these structures nor quoted the number of events. Before that,
the plots should be cleaned up: fits improved and range of masses optimized. In
addition, the calibration method should be studied and optimized for these specific
conditions.
A complete wavelet analysis of the high mass spectrum is left to further work.
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Figure 8.1: Wavelet transform (W pm, sq) of the jet-jet invariant mass spectrum
(muon channel) for different mass ranges. (a):r150, 250s GeV. (b):r200, 300s GeV.
The wavelet transform has been computed after background subtraction, it is rep-
resented as a function of mass and scale (plot on the right). On the left, the mjj
spectrum fitted with an exponential and the pull distribution of the fit.
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Figure 8.2: Wavelet transform (W pm, sq) of the jet-jet invariant mass spectrum
(muon channel) for different mass ranges. (a):r250, 350s GeV. (b):r300, 400s GeV.
The wavelet transform has been computed after background subtraction, it is rep-
resented as a function of mass and scale (plot on the right). On the left, the mjj
spectrum fitted with an exponential and the pull distribution of the fit.
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Figure 8.3: Wavelet transform (W pm, sq) of the jet-jet invariant mass spectrum
(muon channel) for different mass ranges. (a):r350, 450s GeV. (b):r400, 500s GeV.
The wavelet transform has been computed after background subtraction, it is rep-
resented as a function of mass and scale (plot on the right). On the left, the mjj
spectrum fitted with an exponential and the pull distribution of the fit.
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Figure 8.4: Wavelet transform (W pm, sq) of the jet-jet invariant mass spectrum
(muon channel) for different mass ranges. (a):r450, 550s GeV. (b):r500, 600s GeV.
The wavelet transform has been computed after background subtraction, it is rep-
resented as a function of mass and scale (plot on the right). On the left, the mjj
spectrum fitted with an exponential and the pull distribution of the fit.
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Figure 8.5: Wavelet transform (W pm, sq) of the jet-jet invariant mass spectrum
(electron channel) for different mass ranges. (a):r150, 250s GeV. (b):r200, 300s
GeV. The wavelet transform has been computed after background subtraction, it is
represented as a function of mass and scale (plot on the right). On the left, the
mjj spectrum fitted with an exponential and the pull distribution of the fit.
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Figure 8.6: Wavelet transform (W pm, sq) of the jet-jet invariant mass spectrum
(electron channel) for different mass ranges. (a):r250, 350s GeV. (b):r300, 400s
GeV. The wavelet transform has been computed after background subtraction, it is
represented as a function of mass and scale (plot on the right). On the left, the
mjj spectrum fitted with an exponential and the pull distribution of the fit.
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Figure 8.7: Wavelet transform (W pm, sq) of the jet-jet invariant mass spectrum
(electron channel) for different mass ranges. (a):r350, 450s GeV. (b):r400, 500s
GeV. The wavelet transform has been computed after background subtraction, it is
represented as a function of mass and scale (plot on the right). On the left, the
mjj spectrum fitted with an exponential and the pull distribution of the fit.
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Figure 8.8: Wavelet transform (W pm, sq) of the jet-jet invariant mass spectrum
(electron channel) for different mass ranges. (a):r450, 550s GeV. (b):r500, 600s
GeV. The wavelet transform has been computed after background subtraction, it is
represented as a function of mass and scale (plot on the right). On the left, the
mjj spectrum fitted with an exponential and the pull distribution of the fit.
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Conclusions
The wavelet analysis (essentially the wavelet transform), applied to a binned mass
spectrum, provides a bi-dimensional picture of the data, allowing to separate struc-
tures of different dimensions and distinguish gaussian peaks, possibly due to phys-
ical effects, from statistical fluctuations.
In this thesis the wavelet analysis has been applied to the invariant mass spectrum
of jet pairs, produced in proton-proton collisions and associated with a leptonically
decaying W boson.
Before proceeding to the wavelet analysis, a selection has been applied to the data
sample. The events were triggered requiring the presence of a semileptonic de-
caying W : it was required a single charged lepton satisfying appropriate selection
criteria and associated with a high EmissT , a cut was then applied over the trans-
verse mass of lepton-EmissT pair. Quality criteria were applied to the jets and the
two of highest pT jets have been used to build the invariant mass.
The whole analysis was performed separately in muon channel (W Ñ µν) and
electron channel (W Ñ eν), it resulted in data samples of 522804 events for muon
channel and 247086 events for electron channel.
The wavelet analysis method has been carefully tested using toy MonteCarlo of
6000 background events. An important purpose of the work was to provide quan-
titative results from the wavelet analysis.
A first check has been done using flat background samples. The wavelet transform
W pm, sq was computed and represented as a function of mass and of the scale
parameter, the resulting tridimensional plot was analyzed using contour represen-
tation: a maximum of W pm, sq is searched, after excluding the lower scale region
to reduce the effects of background fluctuations.
The wavelet analysis resulted to have a high detection efficiency and a good sensi-
tivity to the number of signal events, whereas it appeared to be almost not sensitive
to the signal standard deviation.
In real data sample, the background is not flat and has a decreasing trend: the
effects of a non uniform background on the wavelet analysis results was studied
and an appropriate way to treat the exponential background has been defined.
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The decreasing background causes the presence of large fake peaks that compli-
cates the detection of a real signal. Despite this problem the signal detection is
still possible. It has been decided to perform background subtraction before ap-
plying the wavelet analysis. Unsubtracted data have been used as a qualitative
check to verify that structures were clearly visible even in non-subtracted samples.
The background shape to be subtracted is obtained with an exponential function
fitted to the data.
The analysis’s efficiency and sensitivity to the number of signal events have been
checked in the case of background subtraction: the wavelet transform resulted
to be still highly efficient and to have a good sensitivity to the number of signal
events.
The fraction of fake peaks was also evaluated. It resulted to be quite large, because
of the particular features of wavelet transform: a confidence level on the wavelet
transform maximum was then defined to reduce the amount of fakes.
The wavelet analysis have been applied to real data in electron and muon channel.
The data background introduces further complications, since it peaks at mjj „ 80
GeV and then decreases exponentially as a function of mass.
The background peak masks the W {Z signal. The fit of background is not sat-
isfactory in this region and the wavelet transform is not able to distinguish the
signal peak from the almost coincident background peak. The measurement of
W {Z could not be done in this thesis and is left to further development of the
analysis.
At a larger mass region, the wavelet transform have been computed in the interval
mjj P r100, 200s GeV. The background shape have been fitted with a good fit qual-
ity and the background subtracted before the wavelet transform was computed.
The evidence of a signal at a mass compatible with the Higgs’ mass has been ob-
served in both electron and muon channel.
This evidence have been verified in different ways.
• The analysis have been repeated moving the mass interval to mjj P r110, 210s
GeV and mjj P r90, 190s GeV. It could not be translated more to avoid the
peak at 80 GeV and to keep the signal away from the mass range edges.
• The muon channel sample has been divided into two subsamples (not the
electron channel one because of its smaller statistics) and the analysis re-
peated in the mass range mjj P r100, 200s GeV.
• The wavelet transform has been computed without background subtraction,
moving the mass interval to mjj P r60, 160s GeV. Only qualitatively, this
allows to check if a peak is still visible at the Higgs’ mass.
122
All these tests gave consistent results: signals were detected in all the cases and
their masses resulted to be compatible, both to each other and to the Higgs boson
mass measured by the ATLAS and CMS collaborations.
The local significance of the peaks in electron and muon channel was evaluated
and both the two peaks resulted to be over the 95% confidence level.
The analysis has been developed to extract a quantitative estimation of the num-
ber of signal events from the wavelet transform of data.
The calibration studied previously resulted to be dependent on the particular back-
ground conditions of analyzed data. Therefore the calibration of the dependence
on signal number of events has been performed again in background conditions as
close as possible to those of real data.
The real data background is much larger than the 6000 events used for tests.
Since the bin contents are Poisson variables, also in subtracted data the larger
background introduces larger fluctuations, affecting the results of calibration.
Due to the high variability in background condition, the standard calibration
method performed with toy MonteCarlos could not be used to extract the number
of signal events. It needs more careful optimization and further analysis to obtain
reliable results.
Another approach was then tried to extract the number of signal events. Since
the background fluctuates too much from one MonteCarlo sample to another, it
was decided to have it fixed to the one presented in data and to variate the signal
intensity instead.
This has been done by subtracted to the binned mass spectrum a well defined
gaussian signal of fixed mass and standard deviation (µ “ 126 GeV and σ “ 15
GeV) and variable number of events. The wavelet transform has been computed
for successive subtractions: when it is not be able to detect a signal, the correspon-
dent number of subtracted events is taken as the measured number of events. The
variable used to evaluate when the wavelet transform is no more able to detect a
signal is the Shannon entropy, as defined in section 7.2.3.
The uncertainties of the results obtained with this method have been evaluated
using toy MonteCarlos and the signal subtraction has then been applied to data.
This method has just been introduced and needs a more precise definition and
carefull optimization, in order to provide better results. However, it has been pos-
sible to obtain quantitative estimations of the number of signal events in electron
and muon channel, starting from wavelet analysis.
As a final check, the wavelet analysis has been applied to the mjj ě 150 GeV
region, to check the presence of any eventual evidence of new physics.
The dijet mass spectrum extends up to „ 2 TeV, but over 500 GeV the statistics
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resulted to be too small for the data fit to be performed satisfactorily well. There-
fore, the mjj ě 500 GeV region has not been analyzed.
The 150-500 GeV mass region is interesting for searching new physics beyond Stan-
dard Model. For lack of time only the raw results of wavelet analysis have been
presented. To proceed to a critical evaluation of any structures that could appear
in the data more work and tests are needed. Given the interest of the issue, we
anyway presented what has been found without commenting.
In conclusion, the wavelet analysis appears to be a powerful tool for the detec-
tion of small signals in invariant mass samples. The extraction of signal intensity
needs to be improved by refining the calibration methods, but a quantitative esti-
mation of the number of signal events based on wavelet analysis has been possible.
Many further studies are possible, both concerning this particular data analysis
and the development of wavelet analysis method in general.
Concerning the search of resonance in lνjj final state, the results could be im-
proved in various aspects.
• A MonteCarlo-based study should be done to provide the selection efficiency
for the ppÑ W `H Ñ lν ` jj channel.
• In W {Z mass region, where background has a maximum at the mass of the
resonance, background subtraction could be improved using specific Monte-
Carlo samples instead of toys.
• The sample selection can be improved to make the W {Z peak better distin-
guishable from background
• The signal evidence found at the Higgs’ mass could be checked by increasing
the statistics analyzing 2012 data (this means to increase the integrated
luminosity by almost a factor 5) and apply Higgs-specific selections, as b-
tagging, to increase the amount of Higgs events. The increase of statistics
will also help in assessing the evidence of any resonance at large mass.
The wavelet analysis method itself can be improved by further studies.
• A more accurate statistical treatment of wavelet transform peaks could be
developed, taking into account the large correlations of wavelet coefficients.
• The contour algorithm used in this thesis for the analysis of wavelet transform
is only one of the possible choices and other methods to analyze the wavelet
transform could be developed. Also, the systematic connected with this
algorithm should be studied, evaluating the possible sources of bias.
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• The observation of signals is possible also without background subtraction:
a quantitative method for the analysis in this case should be developed. It
would provide a quantitative check of results obtained with subtracted data
and could avoid problems caused by poor background subtraction.
• Many types of wavelet functions are available, the analysis could be repeated
with other wavelets to evaluate if any alternative choice could provide better
results.
• The calibration method based on toy simulations should be refined to provide
acceptable results.
• Also, the signal subtraction method, used to measure the signal intensity,
can be improved and a systematic study of bias should be done.
The whole topic is opened to a wide range of further studies.
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